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ABSTRACT

Online education and online assessments have become increasingly common in recent
years. This study first investigates student satisfaction with online learning at Eastern
Mediterranean University and compares their academic performance during online
learning to their performance in a traditional, in-person learning environment. A total
of 1087 students participated in an online survey and the results suggest that students
have a high level of satisfaction with online learning, although their academic
performance showed a slight drop compared to in-person learning. In order to further
improve the effectiveness of online education, this research proposes a question bank
system that uses a modified NSGA-II algorithm to select questions tailored to
individual students and instructors' needs. The modified NSGA-II algorithm is
efficient and accurate, and meets the specified requirements for difficulty level and
duration. By using proposed question bank, educators can provide a more targeted and
effective learning experience for their students, including through the use of online
assessments. These findings can provide valuable insights for policymakers seeking to

improve the quality of online education and support student success.

Keywords: Online assessment, Educational technology, Multi-objective optimization,

Question bank, E-learning.



0z

Son yillarin trendleri arasinda online egitim ve online degerlendirme yontemlerinin
yayginlasmas1 yer almaktadir. Bu ¢alisma, Dogu Akdeniz Universitesi'nde
Ogrencilerin yiiz yiize ve online 6grenme ortamlarindan memnuniyet diizeylerini ve bu
ortamlarin akademik performans {izerindeki etkisini karsilagtirmaktadir. Calismaya
online anket yoluyla 1087 6grenci katilmistir ve sonuglar, 6grencilerin online 6grenme
ortamindan memnun olduklarini ancak yiiz yiize egitim ortamina gore
performanslarinda hafif bir diisiis oldugunu gostermektedir. Online egitimin
etkinligini artirmak amaciyla, bu ¢alisma 6grencilerin ihtiyaglarina ve yeteneklerine
uygun sorulart segmek i¢in bir kisisellestirilmis soru bankasi sistemi dnermektedir. Bu
sistemde, gelistirilmis NSGA-II algoritmasi kullanilmaktadir ve bu algoritma zorluk
seviyesi ve siire gibi belirtilen gereksinimleri karsilar sekilde etkili ve dogru
calismaktadir. Kisisellestirilmis soru bankas: kullanimi sayesinde, egitimciler
ogrencilerine daha hedeflenmis ve etkili bir 6grenme deneyimi sunabilirler. Bu
bulgular, online egitimin kalitesini artirmak ve Ogrenci basarisin1 desteklemek

amaciyla yoneticiler i¢in degerli fikirler sunabilir.

Anahtar Kelimeler: Online degerlendirme, Egitim teknolojisi, Cok amagl

optimizasyon, Soru bankasi, E-6grenme.
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Chapter 1

INTRODUCTION

1.1 Overview

Online learning has become increasingly popular in recent years, providing learners
with the flexibility to study at their own pace and from the comfort of their own homes.
However, one challenge that has emerged with the growth of online learning is the
quality and appropriateness of online assessments. In order to address this issue, we
have conducted research on the design and development of a question bank system
that uses our presented modified NSGA-II multi-objective optimization method to
extract questions for a given topic or subject area. This question bank system is able
to select the most relevant, high-quality, and appropriate questions for the intended

audience, maximizing the value of students' study time.

Prior to plan this system, we conducted preliminary research and analysis on students'
perception of online learning in order to identify weaknesses. Our analysis revealed
that online learning needs to improve in many areas especially in assessment field in

order to provide a more effective and engaging experience for students.

The question bank can be used for a variety of purposes, such as studying for exams,
generating an exam paper, or just learning more about a particular subject. By using
the optimization method, the system is able to select the most relevant and high-quality

questions in optimal period of time.



1.2 Background and Problem Statement

A question bank is a system that allows users to practice and assess their knowledge
in a particular subject or skill area. The system includes a database of questions and
answers and a user interface that allows users to generate sets of questions based on

their desired content area, difficulty level, and total duration.

Traditionally, question banks have been used in education and training settings as a
tool for practice and assessment. However, traditional question banks often lack
customization and personalization, which can limit their effectiveness for individual
learners. Question bank systems have the potential to improve learning outcomes by

tailoring the content and difficulty level of the questions to the individual user.

One of the challenges of online learning is the quality and appropriateness of online
assessments. Many online assessments are poorly written or unrelated to the subject
matter being taught, leading to a suboptimal learning experience for students. In order
to address this issue, there is a need for a tool that can extract reliable, relevant, high-

quality, and appropriate questions for online assessments.
1.3 History Overview

Computers have become an integral part of our daily lives, impacting various aspects
of our lives. This shift in the role of computers in various applications can be traced
back to the late 1970s. Since then, computers have played a significant role in the
world, particularly in education. In addition to being used as a teaching tool both in
traditional and distance education settings, computers have also been utilized to

provide alternative testing options for educators.



Online assessment systems have a long history, dating back to the early days of
computer-based testing in the 1970s [1]. At this time, the use of computers for testing
was primarily limited to multiple-choice tests, which could be easily scored by the
computer. However, as computers became more powerful and sophisticated, it became
possible to develop more advanced assessment systems that could evaluate a wider

range of learner responses.

One of the earliest examples of an online assessment system was the Intelligent
Tutoring System (ITS), which was developed in the 1970s [2]. ITS used artificial
intelligence techniques, such as expert systems and natural language processing, to
provide personalized feedback and guidance to learners. These systems were designed
to adapt to the individual needs and abilities of learners, by adjusting the difficulty of
the assessment tasks accordingly. However, these early systems were limited by the
computational power and storage capacity of the computers that were available at the

time, and they were only able to assess a limited range of knowledge and skills.

In the 1990s, the widespread adoption of the Internet and the development of web-
based technologies revolutionized the field of online assessment [3]. These
technologies made it possible to deliver assessments to learners over the Internet, and
to collect and analyze data on learner performance in real-time. This led to the
development of a wide range of online assessment systems, including adaptive testing
systems, which adjust the difficulty of the assessment tasks based on the learner's
performance, and performance-based assessment systems, which evaluate the learner's

ability to complete complex tasks or projects.



In recent years, there has been a growing interest in the use of question bank systems
as a way to generate customized assessments for learners. These systems use artificial
intelligence techniques to generate personalized questions for each learner, based on
their individual strengths and weaknesses. Question bank systems have the potential
to provide more targeted and effective assessments, and have been shown to improve

learning outcomes in a variety of settings.
1.4 Related Works

There has been a growing body of research on online assessment and question bank
systems in recent years. Question bank systems have also been the subject of a number
of studies in recent years. These studies have generally found that question bank
systems are effective at improving learning outcomes [4], particularly when used in
combination with other types of assessments. However, there are also challenges
associated with these systems, including the need for large amounts of data to train the
system, and the difficulty of explaining the decision-making process of these systems
to learners and educators. In [5], authors developed a computer-based learning system
that included a self-assessment feature to improve students' learning outcomes. This
self-assessment feature was equipped with item pools, which allowed teachers to easily
administer and construct exams through the internet. The authors highlighted the
benefits of item pools, including the ability for teachers to incorporate large question
banks from textbook publishers and load them efficiently, as well as the convenience
of being able to check understanding of learning materials at any time. In [6], authors
developed an assessment system that used the Triple-A Model (assembling,
administering, and appraising) as the foundation for providing the most comprehensive
form of Computer-Based Test (CBT) or Web-Based Test (WBT) specifically for

teacher education. In a different study, a web-based online examination system



proposed that is able to administer and automatically grade exams for students. This
system allows for the conduct of exams, collection of answers, automatic marking of
submissions, and generation of reports for the test. It supports various types of
questions and can be accessed via the internet, making it suitable for both in-person
and remote exams [7]. In [8], an adaptive question bank development and management
system designed. There have been multiple online programs developed for creating
question banks and evaluating student performance online. These online programs
have been widely adopted in both traditional and distance education settings, as they
provide a convenient and efficient way to assess student learning. There are several
commercial products available that offer online questioning and evaluation systems,
such as WebAssign and WebCT [9]. These systems provide immediate feedback on
each question attempted. Moodle as a widely-used open-source learning management
system is another important online assessment tool. It supports a range of online
assessments, including multiple-choice tests, essay questions, and performance-based
tasks, and has been shown to improve learning outcomes and student engagement in
various educational contexts, though there are also limitations and challenges to
consider in its use for online assessment [10].

1.5 The objectives with Specific Aims and Possible Outcomes

The main objective of this project is to provide a tool that can extract reliable, relevant,
high-quality, and appropriate questions for online assessments for improving the
effectiveness and engagement of online learning.

1.5.1 Obijectives with Specific Aims

e Analysis of the weaknesses of online learning and assessments.

e The ability to collect the questions into the question bank.



e The ability to extract questions at an appropriate difficulty level and total duration
using multi-objective optimization methods.

1.5.2 Possible Outcomes

e Increased relevance and usefulness of online assessments for learners and
instructors.

e Improved quality of online assessments, leading to a more engaging and effective
learning experience.

e A system to automate the process of exam paper generation with lesser manpower,
time, energy, and money.

1.6 Significance of the Project

The proposed question bank system has the potential to significantly improve the

effectiveness and engagement of online learning in several ways:

e Improved relevance of online assessments: By extracting relevant questions for
a given topic or subject area, the system can ensure that online assessments are
more useful and applicable to the intended audience. This can increase the
perceived value of online learning for learners, leading to a more engaged and
motivating learning experience.

e Improved quality of online assessments: By extracting high-quality questions,
the system can ensure that online assessments are well-written and thoughtfully
constructed, leading to a more engaging and effective learning experience.

e Improved appropriateness of online assessments: By extracting questions at an
appropriate difficulty level and with a reasonable duration, the system can

ensure that online assessments are appropriately challenging and manageable



for the intended audience. This can help to prevent frustration or
disengagement due to excessively difficult or time-consuming assessments.

e Increased efficiency of online learning: By providing a tool that can extract
high-quality and appropriate questions quickly and efficiently, the question
bank system can help to streamline the process of creating and administering
online assessments. This can save time and resources for educators, allowing

them to focus on other aspects of teaching and learning.
1.7 Outline

This thesis consists of five chapters. The first chapter presents an overview of the
background and problem statement, a review of related works, and the project's
objective with specific aims and possible outcomes. The significance of the project is

also discussed.

The chapter 2 examines the impact of the COVID-19 pandemic on the academic
performance and perceptions of students towards online learning at a large public
university in Northern Cyprus. It also reviews the concept of multi-objective

optimization and its techniques and approaches.

This chapter 3 covers the design and development of a question bank system, including
the identification of system actors, modeling of system requirements, application and
database design, data collection, and the application of the modified NSGA-II
algorithm for question set generation. It also mentions the technical aspects and user

interface of the system.



This chapter 4 presents the testing and evaluation of the question bank system,
including the experiment environment. It discusses the results of the experiment and

identifies any drawbacks, as well as outlining planned improvements for the system.

In Chapter 5, the challenges and discussions of the study are explored and the
significant aspects of the goals accomplished are emphasized. A general overview of
the study is presented in this chapter summing up the thesis results and conclusion. It

also outlines potential future work in the field.

Finally, five appendices are included. The appendices provide additional details and
materials related to the study, including the survey details (Appendix A), the question
bank system (Appendix B), and the Research and Publication Ethics Board approval

(Appendix C).



Chapter 2

PRELIMINARIES

2.1 Students’ Academic Performance and Perceptions towards

Online Learning during the COVID-19 Pandemic at a Large

Public University in Northern Cyprus

2.1.1 Introduction

The acute respiratory disease, which emerged as the Coronavirus (COVID-19) in
Wuhan, China, in December 2019, has spread rapidly around the world. Due to this,
the World Health Organization (WHO) declared the situation a pandemic on 11 March
2020. After the WHO’s declaration of the pandemic, life began to change in many
countries. The COVID-19 pandemic has affected numerous aspects of life and
impacted the delivery of knowledge and skills at education levels [11]. The COVID-
19 pandemic had a big and immediate effect on higher education, forcing universities
to shift from traditional face-to-face to online learning [12]. Eastern Mediterranean
University also decided to replace online learning with face-to-face education in
March 2020 temporarily. This decision was faced with challenges that the examination
of the student’s perceptions towards these changes will present the university to
improve the quality of education and prepare for possible similar situations in the

future.

Britannica defines online learning as a “form of education in which the main elements
include physical separation of teachers and students during instruction and the use of

9



various technologies to facilitate student-teacher and student-student communication”
[13]. Online learning has been advantageous to its users, like making communication
easier between instructors and students [14]. Other advantages of online learning
include feasibility, flexibility, and accessibility can help students to continue their
learning in any situation [15]. On the other hand, accessing the technologies is stated
as a challenge for online learning. Lack of social interaction among students and poor
learning outcomes can be considered as other challenges for online learning [16]. It
should also be borne in mind that students in some fields of study which require face-
to-face learning will lack some skills when entering their profession [11]. Various
studies predict that online learning will be as effective as traditional face-to-face
learning [17], [18]. Examining students’ academic performances and their level of
satisfaction with online learning can inform the universities about the challenges
facing online learning and take steps to solve them. Universities must ensure high
levels of student satisfaction to improve the quality of education and attract students
to participate in courses. Several studies show the relationship between the quality of
online education and the level of satisfaction [19]. The level of satisfaction with online
education, which is measured by criteria such as users’ perception of usability, the
quality of the system or platform used, and the expected academic achievements, is
the most important parameter in the success of online education [20].

2.1.2 Literature Review

Since the beginning of the Covid-19 pandemic, many educational institutions have
been forced to temporarily replace traditional education with online education [21].
However, there were significant challenges. Some students had problems with
technology use, mental health, time management, and balancing personal and

academic life [22]. In some cases, motivation, self-efficacy, or cognitive engagement

10



were reduced, and technology use increased [23]. Research has also been conducted
on the negative and positive aspects of online education, which has considered the
decrease in concentration [22], loss of motivation [24]-[26], social isolation [25], [27],
[28], and decrease in the interaction between teachers and students [24], [27] as
negative effects. In contrast, flexibility in time and space [25], [27]-[30], ease of
access to resources and materials [27], [28], [31], and learning at their own pace [27]

are considered positive aspects of online education.

Examining the level of satisfaction of students and their continuous intention to use
online learning can help to improve efficiency and eliminate its shortcomings. Finding
students’ preferences between two learning methods can also measure the acceptance
of the current learning method. The satisfaction level is related to the responses of
users about their feeling, preferences, and perceptions when using a system which is
usually obtained by using questionnaires [32]. The continuance of intention to use is

defined as one’s intention to continually use or reuse a system [33].

In recent years, a lot of research has been done on the level of satisfaction and
acceptance of online education among students, and the number of these studies has
been increasing after the Covid-19 pandemic era. In most studies, students had a
positive attitude and sufficient satisfaction with online education and its effects [24],
[31], [34]-[43]. In [44], a high level of online self-efficacy, generalized moderate
anxiety, and little fear of covid-19 caused a high level of satisfaction was shown.
Stimulation and attractiveness can also be mentioned as influential factors in the level

of satisfaction with online learning [45].

11



Some of the most important factors in the effectiveness of online learning are students’
characteristics, such as demographic characteristics and digital knowledge and skills
[46]. Despite most of the results, some studies show that students prefer the blended
system [27], [47]-[49]. In some other research, students’ preferences for face-to-face
learning were found to be higher than for online learning [29], [50], [51], and findings
of [52] also point to the dissatisfaction of students with online education. The research
done in [53] also shows that the perceived disadvantages of online learning are more
than the advantages. Regarding the continuous intention to use the online learning
method, different research results are observed. The results of some research largely
explained continuance intention [33], [54]. In contrast, the result of [55] showed that
the majority of students did not want to continue learning by online method. Interaction
between students and instructors and service quality can affect continuance intentions
for online learning [56]. Also, teaching quality and time management benefits can
influence students’ intention to use online learning in the future [57]. To our
knowledge, no previous research has examined the relationship between the level of

satisfaction and continuous intention.

According to some research, the level of satisfaction with online learning can affect
their academic performance [58]-[60]. Findings of studies regarding students’
academic achievements in an online setting are not so uniform. Namely, some studies
have shown that students perform better with online learning in their academic
achievements [58], [59], [61]-[66], while other studies have shown that online learning
can cause a drop in academic performance [67], [68]. Yet again, the results of [69]

showed that student performance remained similar in face-to-face learning compared
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to online learning. Findings of [51] conclude that there is a weak relationship between

student academic achievements and perceptions.

The first case of Covid-19 disease in Turkey was announced on 10 March 2020 by the
Ministry of Health of Turkey. Higher Education Board Members and university rectors
made continuous and direct connections under the Presidency of the Council of Higher
Education (CoHE) to initiate a transition to online education [70]. Subsequently,
Eastern Mediterranean University made a sudden shift in delivering teaching-learning
strategies by temporarily transitioning to online learning to meet its educational goals.
To support this shift, many web-based content delivery systems (e.g., Moodle,

Microsoft Teams) were used.

To our knowledge, no prior large-scale studies have examined the level of students’
satisfaction and academic performance with online learning during the Covid-19
pandemic in Northern Cyprus, and the results of this research can be effective in the
future decisions of educational institutions. One of the main objectives of this research
is to find out students’ attitudes toward and perceptions of online learning. The
academic performance of students during the two years of the Covid-19 pandemic
period with the online learning method and the two years before the Covid-19
pandemic period with the traditional learning method are compared together in this

research. The current study tried to answer the following research questions:

What is the level of satisfaction of Eastern Mediterranean University students with

online learning during the Covid-19 pandemic?
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Are there significant differences regarding online learning satisfaction according to

participants’ IT skill level and prior online learning experiences?

What has been the impact of the redirection to online education on the academic

performance of students during the Covid-19 lockdown period?

2.1.3 Methodology

Data Collection: The study was conducted from January to February 2022. A cross-
sectional descriptive design was utilized to achieve research goals [71]. The data
collected in this research consists of students’ attitudes toward online learning and

their academic performance information.

Data were collected from the participants using questionnaires. The data collection
process was done through an internet-based questionnaire administrated by the
Information Technologies Directorate at Eastern Mediterranean University, and the
link to the online survey was shared amongst all the registered students by the official
bulk email system of the university. Participants were also informed that this
questionnaire was voluntary and anonymous before answering questions in the survey.
To collect data, one of the most familiar methods, the 5-point Likert scale employed.
This scale of measuring satisfaction had 5 answer options, including strongly agree,
agree, neutral, disagree, and strongly disagree. These options allowed us to determine

the level of satisfaction with the online learning system.

In order to better and more accurately examine the effectiveness of online learning on
students, detailed information on their academic performance was obtained. Students’
administrative academic records were obtained from the academic and student affairs

of Eastern Mediterranean University without referring to the student’s information to
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maintain anonymity. This data includes differences between students’ overall grade
point average (GPA) in 2 years of face-to-face education before the Covid-19
pandemic, including four academic semesters between 2018 and 2020, and 2 years of

online learning during the Covid-19 pandemic between 2020 and 2022.

Sample Size: The study population for the survey consisted of 1580 respondents, 377
did not respond, and 116 did not respond fully. A total of 1087 graduate and
undergraduate students from different fields of study fully responded to the survey.
The data obtained for the academic performance of the students includes the
information of all undergraduate, master, and doctoral students of the Eastern
Mediterranean University during the research period. All participating students were

from the same university.

Instrument: The survey tool employed in this paper included five items of
sociodemographic characteristics of participants, with a further 25 items split across
three sections, namely online learning satisfaction (OS), students’ preference between
face-to-face and online education (SP), and continuance intention to use online
learning (CI). The sociodemographic characteristics of participants included the age
group of the participants, the level of education, faculty or school where they are
studying, IT skill level, and prior online learning experience. The OS section was made
up of ten items (see Table 2.1), the SP section contained ten items (see Table 2.2), and
the CI section was made up of 5 items (see Table 2.3). Statements in the sections
designed by the researcher are based on [56], [72], [73]. Three experts in educational
technology and socio-behavioral sciences contributed to the thorough selection and
evaluation of research statements to guarantee clarity, conciseness, and precision.

There are three different scales used in this study to measure OS, SP, and ClI in the
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questionnaire. Principal component analysis (PCA) was applied to all three scales
separately in line with the data obtained from the current study. As stated in [74], we
adopted a factor loading criterion of 0.40 in the analysis. According to the results
obtained, the factor loads of 10 items in the OS scale range between 0.88 and 0.70.
The OS scale is single-factor with an appropriate variance explained value of 65.2%.
Factor loadings for the ten items in the SP scale were found to be between 0.90 and
0.68 and the value of variance explained for the single-factor scale was calculated as
71.1%. The factor loads of 5 items in the Cl scale are between 0.91 and 0.47. The

explained variance value of the single-factor Cl scale was found to be 68.9%.

Table 2.1: Students’ online learning satisfaction.

Code Statement

0Os1 It was accessible from all devices

0S2 It was flexible in time and space

0S3 The Materials were presented well

0s4 Learning contents were updated

0S5 It was possible to co-working with other students

0OS6 Learning resources were accessible

0s7 There was good interaction between students and instructors
0S8 The assessment submission procedure was simple and reliable

0S9 Assessments were effective

0OS10 | The system prepared useful and accurate educational reports

Table 2.2: Students’ preference between face-to-face and online education.

Code Statement
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SP1 Online learning is more flexible in time

SP2 Online learning is more flexible in space

SP3 Online learning resources are more accessible

SP4 Online learning has better-structured classes

SP5 Teacher-Student interaction is better in online learning
SP6 The delivery of content is better in online learning
SP7 Online learning tools provide better perception

SP8 Assessments are better in online learning

Online learning tools provide reports with more detailed and

SP9 :
comprehensive

SP10 | Online learning increase motivation and passion for learning

Table 2.3: Continuance intention to use online learning.

Code Statement

cI1 | intend to continue using online learning as a learning
content delivery method

ClI2 | intend to continue using online learning for assessment

Cl3 | intend to continue using online learning as an interactive
communication tool between students and instructors

Cla | intend to continue using online learning as a resource-
sharing space

CI5 | intend to continue using online learning in blended mode

to assist my face-to-face learning

Data Analysis: To validate and analyze the data collected from the participants,
several statistical analysis techniques have been used in this study by the researcher.

The collected data were processed and classified using the Statistical Package for the
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Social Sciences (SPSS) Version 26 and Microsoft Excel. Cronbach’s alpha technique
was used to assess the reliability and internal consistency of the questionnaire sections.
The data collected from the questionnaires were analyzed and presented using
descriptive analysis. Skewness and kurtosis were used to determine whether the data
were normally distributed in terms of the independent variables to which the analysis
of the dependent variables we discussed in the study would be carried out [75]. All
groups analyzed in the study were found to be normally distributed according to all
dependent variables. MANOVA was used to find any differences between independent
groups on dependent variables, and one-way ANOVA was used to find out statistical
evidence that there is a significant difference between the means of independent
groups. Also, we used the post hoc test in order to find out exactly which groups are
different from each other.

2.1.4 Results

Sociodemographic Characteristics: This section provides some basic demographic
data about the participants. Table 2.4 shows the responses of participants to the
questions related to age group, faculty or school, level of education, IT skill level, and

prior online learning experience.

Table 2.4: Sociodemographic Characteristics of Sample Respondents.

. Frequency
Variable Labels Distribution Percentage
18 years and below 53 4.9%
19-29 994 91.4%
Age Group
30-39 33 3.0%
40 years and above 7 0.7%
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Faculty/School

Level of
Education

IT Skill Level

Prior Online
Learning
Experience

Architecture
Art and Science
Business and Economics

Communication and Media
Studies

Health Sciences (Medicine,
Dentistry, Health Services,
Pharmacy)

Education
Engineering
Law

Tourism
Computing and Technology
Undergraduate
Master

PhD

High
Moderate

Low

Yes

No

34

164

88

39

195

106

243

133

31

54

1010

27

50

478

65

544

501

586

3.1%

15.1%

8.1%

3.6%

18%

9.7%

22.4%

12.2%

2.8%

5.0%

92.9%

2.5%

4.6%

44.0%

6.0%

50.0%

46.1%

53.9%

According to Table 2.4, the majority of participants were in the 19-29 age group. 4.9%

of participants are 18 years and below, 91.4% belong to the age group of 19 29 years,

3% are in the age group of 30—39 years, and 0.7% are in the age group of 40 years. As
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revealed in Table 2.4, participants from different faculties and schools participated in
this online survey. Most of the participants are from the faculty of engineering
(22.4%), faculty of art and science (15.1%), health sciences (18%), and faculty of law
(12.2%). The level of education of the majority of students who participated in this
study is undergraduate (92.9%). 4.6% of participants are studying for Ph.D., and 2.5%
are studying for a master’s at university. Most participants in this study either had high
IT skill levels (44%) or low levels of IT skills (50%). Also, 6% of them mentioned that
they have a moderate level of IT skills. 46.1% of participants have already experienced

online education, and 53.9% have experienced this type of education for the first time.

Reliability: Reliability refers to the consistency of measures on a specific instrument
and should calculate before using an instrument [76]. The most widely used test to
determine the internal consistency of an instrument is Cronbach’s alpha [77]. This
study used Cronbach’s alpha method to test the reliability of each section. As shown
in Table 2.5, the Cronbach Alpha coefficients for each section of the questionnaire
ranged from 0.872 to 0.954. From the values of Cronbach’s alpha, it can be concluded
that the validity of this research for each section is very reliable. Two of them are
classified as excellent (0.940 > 0.9, 0.9554 > 0.9), and one of them is in good

classification (0.8 < 0.872 < 0.9) [78].
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Table 2.5: Reliability of Constructs.

Latent Variables No. of Cronbach’s
Items Alpha

Student’s online learning satisfaction 10 0.940

Student_s preferel}ce between face-to-face 10 0954

and online education

Continuance intention to use online 5 0.872

learning

Student’s Online Learning Satisfaction: As presented in Table 2.6, most of the
students agreed that online learning tools used in the university (Microsoft Teams and
Moodle) were accessible from all devices (83.4%), and they also agreed regarding the
flexibility of online learning on time and space (67.2%). Participants confirmed that
materials were presented well (69.7%), learning resources were accessible (79.2%),
and learning contents were updated (76.8%). More than half of the participants agreed
that there was a possibility of co working with other students (60.6%), and there was
good interaction between students and instructors (64.9%). Regarding assessments,
most of the students feel that assessments in online learning were effective (67.3%)
and the submission procedure was easy and reliable (67%). From the students’ point
of view, educational reports prepared by the online system were useful and accurate
(67.9%). The highest satisfaction is related to the accessibility of online learning, and
the lowest is related to co working ability in online learning. In general, students who
participated in this study held a high level of satisfaction with online learning (M =
3.81). The descriptive statistics of students’ online learning satisfaction are revealed

in Table 2.7.
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Table 2.6: Students’ online learning satisfaction.

Code | SD (1) D (2) N (3) A (4) SA (5)

OS1 49 | 45% |51  47% 80 | 7.4% | 477 43.9% 430 39.6%
0S2 71 | 65% | 107 9.8% 179 165% 379 34.9% 351 32.3%
0S3 74 68% 98 9.0% 157 144% 362 33.3% 396 36.4%
0S4 57 | 52% |74 6.8% 121 11.1% 399 36.7% 436 40.1%
OS5 126 | 11.6% 141 13.0% 161 14.8% 348 32.0% 311 28.6%
OS6 65 | 60% | 62 57% 99 9.1% 378 34.8% 483 44.4%
OS7 127 11.7% 113 10.4% 141 13.0% 343 31.6% 363 33.4%
0S8 133 | 12.2% 109 10.0% 117 10.8% 341 31.4% 387 35.6%
0S9 130 | 12.0% 98 | 9.0% 127 11.7% 354 32.6% 378 34.8%
OS10 94 | 86% |79 | 7.3% 176 16.2% 339 31.2% 399  36.7%

Table 2.7: Descriptive statistics of students’ online learning satisfaction.

Code Mean Std. Error of Mean Std. Deviation
0Os1 4.093 0.031 1.027
0S2 3.765 0.036 1.190
0S3 3.835 0.037 1.207
034 3.996 0.034 1.122
0S5 3.531 0.040 1.333
0S6 4.060 0.035 1.140
0s7 3.646 0.041 1.344
0S8 3.681 0.041 1.366
0S9 3.692 0.041 1.345
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0S10 3.800 0.038 1.249

Students’ Preference between Face-to-Face and Online Education: Table 2.8
shows the students’ preferences for online and face-to-face learning. The majority of
students agree that online learning is more flexible in time (76.9%) and space (83.8%).
In addition, they agree that online learning resources are better in accessibility
(78.7%). And also, most of the participants think that online learning has better-
structured classes (62.8%). Teacher Student interaction has the lowest degree of
superiority of online learning over face-to-face learning, with just 53.4% of the
students agreeing. 64.3% of students feel that online learning tools provide better
perception and 65.4% of the participants believe that delivery of content is better in
online learning. Most of the students also prefer online learning over face-to-face
learning in assessments (66.3%), and they believe that online learning has more
detailed (68.3%) and comprehensive report tools and increases motivation and passion
for learning more than face to face learning (60.1%). The participants are more
interested in online learning than face-to-face and agreed regarding their preference

for online learning, considering the overall mean value shown in Table 2.9 (M = 3.76).

Table 2.8: Students’ preference between face to face and online education.

Code SD (1) D (2) N (3) A (4) SA (%)

SP1 70 64% 9 88% 8 78% 375 345% 461 42.4%

SP2 49 45% 45 41% 82 7.5% 408 37.5% 503 46.3%

SP3 58 53% 66 61% 107 98% 356 32.8% 500 46.0%

SP4 125 115% 115 10.6% 164 151% 275 253% 408 37.5%

SP5 182 16.7% 143 13.2% 182 16.7% 247 22.7% 333 30.6%
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SP6 136 | 12.5% 91 | 84% | 149 13.7% 306  28.2% | 405 37.3%
SP7 129 | 11.9% 107 9.8% | 152  14.0% 306 @ 28.2% | 393  36.2%
SP8 151 | 13.9% 93 ' 8.6% | 122 | 11.2% | 325 | 29.9% 396 | 36.4%
SP9 106 | 98% 77 | 7.1% | 162 | 149% | 327 | 30.1% 415  38.2%
SP10 | 202 | 18.6% | 92 | 85% | 140 12.9% | 285 § 26.2% 368 | 33.9%

Table 2.9: Descriptive statistics of students’ preference between face-to-face and
online education.

Code Mean Std. Error of Mean Std. Deviation
SP1 3.976 0.036 1.198
SP2 4.169 0.032 1.040
SP3 4.080 0.034 1.130
SP4 3.668 0.042 1.370
SP5 3.374 0.044 1.455
SP6 3.693 0.042 1.370
SP7 3.669 0.041 1.362
SP8 3.664 0.042 1.399
SP9 3.799 0.039 1.286
SP10 3.483 0.045 1.488

Continuance Intention to Use Online Learning: The study intends to examine the
continuous intention of students to use online learning tools. The findings listed in
Table 2.10 show that most of the participants agree to continue using online learning
as a learning content delivery method (73.6%), assessment tool (72.7%), and

interactive communication tool between students and instructors (73.8%). The
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majority of students intend to use online learning as a resource-sharing space (82.4%).

And at the same time, more than half of the participants believe that they intend to

continue using online learning in blended mode to assist with face-to-face learning

(66.4%). Overall, they have a strong intention to continue using online learning, as

figured out in Table 2.11 (M = 3.90).

Table 2.10: Continuance intention to use online learning.

Code | SD (1) D (2) N (3) A (4) SA (5)

Cll 121 111% 73 | 67% | 93 8.6% 314 28.9% | 486 44.7%
Cl2 126 11.6% 71 | 65% | 100 9.2% 320 | 29.4% | 470  43.2%
CI3 105 97% |70 64% 110 10.1% 347 31.9% 455 41.9%
Cl4 |75 69% 29 |27% | 87 80% 386 355% | 510 46.9%
Cl5 118 10.9% 99 | 9.1% | 148 13.6% 337 31.0% | 385 35.4%

Table 2.11: Descriptive statistics of continuance intention to use online learning.

Code Mean Std. Error of Mean Std. Deviation
Cl1 3.893 0.041 1.339
Cl2 3.862 0.041 1.346
CI3 3.899 0.039 1.280
Cl4 4.129 0.034 1.123
CI5 3.710 0.040 1.323

MANOVA: According to the MANOVA analyses performed, there was no significant

difference between the age groups’ independent variables and dependent variables (A

=0.996, F = 0.787, p = 0.580). Education level also showed no significant difference
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with dependent variables (A = 0. 989, F = 1.880, p = 0.081). Results revealed that
students’ IT skill levels resulted in significant differences in the dependent variables
(A = 0.932, F = 12.503, p < 0.001). The other independent variable that showed
significant differences from the dependent variables is the Prior Online Learning

Experience (A =0. 983, F =6.193, p <0.001).

One-Way ANOVA: Based on the ANOVA analyses performed, the results regarding
the significance of the effect of IT skill level and prior online learning experience
independent variables on OS, SP, and CI dependent variables are presented in Table

2.12.

Table 2.12: Univariate Tests.
Independent Dependen | Sum of Mean

Variable t Variable | Squares df Square P
Total-OS 1.0958 2 0.5479 0.5857 0.557
Age Group Total-SP 0.2040 2 0.1020 | 0.0886 | 0.915
Total-ClI 1.2387 2 0.6193 | 0.5982 | 0.550
Total-OS 2.8595 2 1.4298 1.5283 0.217
Level of Total-SP 51988 | 2 25994 | 22575  0.105
Education
Total-ClI 6.4277 2 3.2138 3.1041 0.045
Total-OS 62.2891 |2 31.1445 | 33.2916 | <0.001
IT Skill Level Total-SP 749218 | 2 37.4609 | 32.5337 | <0.001
Total-ClI 52.7297 | 2 26.3649 | 25.4649 | <0.001
) ) Total-OS 13.5487 |1 13.5487 | 14.4827 | <0.001
Prior Online
Learning Total-SP 20.9846 |1 20.9846 | 18.2245 | <0.001
Experience Total-Cl 125160 1 | 125160 12.0887 @ <0.001
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As shown in Table 2.12, among the dependent variables considered in terms of the IT
skill level independent variable, OS shows a significant difference (F = 62.28, p <
0.001). The analysis also revealed a significant difference between IT skills and SP
with F = 74.92 and p < 0.001 and CI with F =52.73 and p < 0.001. In other words, in
the IT skill level, students with higher or lower levels of IT skills are not likely to be

equal on the dependent variables.

Similarly, an ANOVA analysis was conducted to test the difference between students’
prior online learning experiences. It revealed significant differences between students
with prior online learning experiences and students without prior online learning
experiences for OS with F = 13.55 and p < 0.001, SP with F =20.98 and p < 0.001,
and CI with F = 12.52 and p < 0.001. In other words, all univariate ANOVAS were

significant.

Level of IT Skill Post Hoc Tests: Tukey HSD, one of the Post-Hoc tests, was applied
to determine the source of the difference in the IT skill level independent variable. As
can be seen from Table 2.13, the OS scores of students with high IT skill levels were
found to be significantly higher on average than those with low IT skill levels, and
students with low IT skill levels showed significantly lower averages than students

with a moderate level of IT skill.

Table 2.13: Post Hoc Comparisons—IT Skill Level.

Comparison
Dependent T IT Skill Mean
Variable il;:/lél Level Difference SE df t P
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Total OS | High

High

Low

Total SP High

High

Low

Total ClI High

High

Low

Moderate

Low

Moderate

Moderate

Low

Moderate

Moderate

Low

Moderate

0.192

1.027

—0.836

0.245

1.108

—0.863

0.144

0.951

—0.807

0.0607

0.1279

0.1270

0.0676

0.1425

0.1415

0.0641

0.1353

0.1343

1084

1084

1084

1084

1084

1084

1084

1084

1084

3.16

8.03

—6.5

3.62

7.77

—6.1

2.25

7.03

—6.0

0.005

<0.00

<0.00

<0.00

<0.00

<0.00

0.074

<0.00

<0.00

According to the results shown in Table 2.13, students with a high level of IT skills

had a higher average SP score than students with a moderate and low level of IT skills.

In addition, students with a low level of IT skills had a lower average SP score than

those with a moderate level of IT skills.

The CI scores of the students with a high level of IT skills also were found to be

averagely higher than those with a moderate level of IT skill level, according to Table

2.13. Also, students with a low level of IT skills had a lower average CI score than

students with a moderate level of IT skills.
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Prior Online Learning Experience Post Hoc Tests: Regarding the main effect of the
prior online learning experience, a significant effect was found. For the OS score for
the prior online learning experience, statistically significant differences were not

found, as shown in Table 2.14.

Table 2.14: Post Hoc Comparisons—Prior Online Learning Experience.

Comparison
Depend
ent Prior Prior Mean
Variabl = Experience = Experience | Difference SE |df 't p
e
0.10 10 0.07
(O] Yes No 0.180 1 g1 L78 ¢
0.06 |10 <0.
SP Yes No 0.359 66 g5 | 239 o1
0.06 |10 <0.
Cl Yes No 0.273 31 a5 4.33 001

We note statistically significant differences between students with experience and
without experience in online learning. Students with online learning experience had

significantly higher average SP scores than other students (Table 2.14).

The results also show a significantly higher average CI score for students with online

learning experience than students without online learning experience (Table 2.14).

Students’ Academic Performances: According to Table 2.15, changes in the GPA of
undergraduate, master, and doctoral students can be seen before and during the Covid
19 pandemic. The GPA of undergraduate students was almost unchanged, with a

decrease of 0.24%. The biggest change in GPA is for master students, who had a sharp
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drop in their academic performance, with a 6.38% decrease. Doctoral students have

also faced a 3% drop in GPA.

Table 2.15: Students’ Academic Performance Changes.

Level of Study GPA Changes

Doctorate Decreased by 3.31%
Master Decreased by 6.38%
Undergraduate Decreased by 0.24%
Grand Total Decreased by 3.64%

Academic results of students in the whole university have faced a slight drop. The
GPA of students during the two years of the Covid 19 pandemic, when the education
was online, faced a drop of 3.64% compared to the 2-year face-to-face period before
the Covid 19 pandemic.

2.1.5 Discussion

This research tried to find the perceptions of Eastern Mediterranean University
students regarding online learning. The overall mean score obtained in each section of
this study indicates that students are highly satisfied with online learning and prefer to
continue using it. Many aspects of online learning have the highest level of
satisfaction, such as the possibility to access from all devices, up-to-date learning
content, and learning resource accessibility. According to information obtained from
the university, 52% of students use personal computers and 48% of mobile phones and
tablets to access online learning platforms. Despite this variety in the devices used to
access online learning platforms, students had the highest satisfaction with
accessibility.
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The results of this study show that the level of satisfaction and continuous intention
can be related. Also, this study indicates that students are more interested in online
learning than traditional face-to-face learning, along with a high level of satisfaction
and continuous intention. The results of this research found clear support for online
learning. One of the factors that can affect the perception level of participants can be
fear of Covid-19 disease, which is considered effective on the satisfaction level of
online learning [44]. Findings of [79] indicate that the online learning readiness of
students can affect their satisfaction level. Learner-content interaction can be the other

factor that can affect students’ satisfaction [80].

One of the important questions that is still not discussed in the literature is the existence
of a relationship between students’ IT skills and their satisfaction with online learning.
The analysis revealed that students with a high and medium level of IT skills had a
higher level of satisfaction and continuous intention to use online learning than
students with a low level of IT skills, and students with a higher level of IT skills
preferred online learning to face-to-face learning more than students with a lower level
of IT skills. Online learning can help students with lower levels of IT skills to improve
their skills due to the reason that one of the positive aspects of online learning is
creating an opportunity for students to improve their IT skills [60], [81], [82].
Therefore, online learning could be a new and different experience for students who
have no previous participating experience in online learning, and therefore it can cause
them dissatisfaction for the first time. But the results of this study show that not only
the satisfaction of students who did not have online education experience is high,
contrary to the findings of some previous studies where students preferred face-to-face

learning to online learning [29], [50], [52], most of the students want to continue the
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online learning and prefer it to face-to-face learning. Although, the satisfaction level
of the students with previous experience with online learning was slightly higher than
those who experienced online learning for the first time. The results also showed that
students believed that flexibility in time, flexibility in place, and ease of access to
resources were the most important reasons for preferring online to face-to-face
learning. In online learning, the students can learn asynchronously at any time [83]
and any place during the day, and it is possible to access, view, and download the

resources easily.

According to the analysis carried out in this research, the students of Eastern
Mediterranean University had a slight drop in their academic results during online
learning, which shows that the academic achievements of students from online
learning do not have a great impact on their level of satisfaction. These negative
changes in academic performance caused by online learning can be associated with
symptoms of depression and anxiety [84], and contrary to the findings of [85], digital

technologies have not had a significant impact on academic achievement.

Challenges such as difficulty in communication and the use of technology,
absenteeism [86], less motivation to work, and noticeably more procrastination [87]
can affect students’ academic performances. The findings of this research also show
that master’s and doctoral students have more drop in academic achievements than
undergraduate students. This result is inversely proportional to many other research
studies, which found that the overall academic achievement of graduate students
improved in online learning [73]. Moreover, our results indicate that academic
achievements and the level of satisfaction of students with online learning at Eastern

Mediterranean University do not affect each other.
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In this research, online learning was examined from the perspective of students, and
its results can be important in terms of the number of participants. To fill one of the
existing research gaps, the relationship between students’ IT skills and their previous
experience of using online education was also analyzed. The relationship between
students’ satisfaction with online learning and their academic achievement was also
investigated, and unlike most previous studies, no significant relationship was found
between them.

2.1.6 Conclusion

The aim of the study was to find out the perceptions of individual students at Eastern
Mediterranean University about online learning during the Covid-19 pandemic period.
This study showed acceptable levels of satisfaction regarding online learning. This
study highlights Eastern Mediterranean University students’ perceptions and attitudes,
which showed online learning as a flexible and useful learning method during the
Covid-19 pandemic period. Participants reported that they preferred online learning
over traditional face-to-face learning. Besides, students’ responses demonstrated that
flexibility in time and place and ease of access to resources are the most important
factors in preferring online learning over traditional learning. The participant’s
responses to the online survey conducted in this study showed that the majority want
to continue using online learning. Students’ level of satisfaction is not affected by their
academic performance, and findings indicate a slight drop in their academic
achievements. A practical implication of the mentioned findings is that the assessment
methods should be improved to get better results from the academic achievements of
students. There is also a practical implication related to IT skills, in that the university
should try to teach computer skills to students. This is the first study exploring the

perceptions, attitudes, and academic performance of students during the Covid-19
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pandemic at Eastern Mediterranean University. One of the strong points of this study
is considered to be its large sample size in which 1087 students participated. Finally,
it should be noted that this research should be done on the perception and attitudes of
instructors toward online learning at Eastern Mediterranean University in the future.
Examining the relationship between the results of students’ and instructors’
satisfaction levels with online learning can also be useful. Another critical challenge
that we need to study in the future is to examine the relationship between the digital
divide and the level of student satisfaction with online learning. Future research should
also consider the effects of other variables, such as the learning style of students and
the teaching style of instructors, on students’ level of satisfaction and academic

achievements [88].

2.2 A Look at Students’ Academic Achievements and Satisfaction

Level with Online Learning Evaluations

Online learning has become a popular and convenient option for students seeking to
further their education. However, the assessment process in online learning
environments can be a source of frustration for students [89]. While traditional in-
person courses often rely on exams and quizzes to evaluate student learning, online

courses may also utilize online quizzes, projects, and other types of assessments [90].

One of the key factors that can impact student satisfaction with online learning is the
assessment process. In a traditional in-person course, students may be used to taking
exams and quizzes in a face-to-face setting, with the opportunity to ask questions and
receive immediate feedback. In an online course, however, assessments may be
conducted entirely online, which can be less personal and more impersonal for

students. In addition, online assessments may be more vulnerable to technical issues,
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such as internet connectivity issues or problems with submitting assignments. All of
these factors can contribute to lower levels of student satisfaction with online learning

assessments.

Studies have shown that student satisfaction with online assessments can be influenced
by a number of factors. One such factor is the perceived fairness of the assessment.
Students may be more satisfied with online assessments if they feel that the
assessments are fair and unbiased. This may include ensuring that all students have
equal access to the necessary technology and resources, as well as providing clear and

detailed instructions for completing assessments[89].

Another factor that can impact student satisfaction with online assessments is the level
of support and feedback provided. Students may be more satisfied with online
assessments if they receive timely and helpful feedback on their performance. This can
include feedback on both the content of their work and the overall quality of their

submissions.

Additionally, the level of interaction and engagement in online assessments can also
impact student satisfaction. Studies have shown that students may be more satisfied
with online assessments that allow for more interaction and engagement, such as

through the use of interactive quizzes [90] or peer review [89].

Overall, it is clear that student satisfaction with online assessments is influenced by a
range of factors. By understanding these factors and working to address them,
educators can work to create more effective and engaging assessment experiences for

online learners.
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In recent years, there has been a growing body of research examining the impact of
online learning on student academic achievements. Findings from the research on
online learning and academic achievement have been mixed. Some studies have found
that students who participate in online learning may experience similar or even higher
levels of academic achievement compared to their counterparts in traditional in-person
learning environments [91]. Other research has found no significant difference in
academic achievement between online and face-to-face learning [92]. One potential
reason for the mixed findings is that the relationship between online learning and
academic achievement is not always straightforward. Factors such as student
motivation, prior knowledge and experience, and access to technology and other
resources can all impact academic achievement in online learning environments [93].
For example, students who are highly motivated and have strong prior knowledge may
be more likely to excel in online learning environments. On the other hand, students
who are less motivated or who lack access to necessary technology and resources may

struggle to achieve the same level of academic success in online learning.

In addition, the design and delivery of the online course can also impact academic
achievement [94]. Courses that are well-designed and delivered, with clear learning
objectives and effective assessment strategies, may lead to higher levels of academic
achievement for students. Online courses that are poorly designed or delivered, on the
other hand, may lead to lower levels of academic achievement.

2.3 A Review of Multi-objective Optimization

An introduction to the fundamentals of optimization, multi-objective optimization, and

the multi-objective evolutionary algorithm is presented in this section.
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2.3.1 Optimization

Humans are always looking for better solutions, which is an indicator of the basic
drivers in human cultural evolution, and they always try to improve, but they ignore
what level they reached in the past. The formal form of these searches for the best
possible solutions in mathematics or engineering is known as optimization. When

engineers start designing a structure or a complex system, the goal is definitely to

achieve an optimal design. When you think an object or a process can be made better,
you are actually thinking about optimization. Optimization involves selecting the
"best" solution from a set of possible solutions, and the degree of goodness of the
solution is quantified by minimizing or maximizing an objective function (eg, cost)
[95] The main goal of optimization is the effective and practical use of available
resources. From a mathematical point of view, optimization of a problem means
finding the best possible solution concerning an objective function, which is used to
evaluate the solutions to find the best one.
2.3.2 Mathematical Definition
In Most optimization problems, there is a single goal to solve (or objective function),
which optimization objective can be to maximize or minimize the value of a function
by applying many restrictions in the form of equality and inequality expressions [96]
Generally, optimization problems have the following mathematical form:
Minimize  f(%) (2.1)
Subjectto  g;(x) =0 i=1..p (2.2)
=0 =1 ,q (@3
X Ey (2.4)
Here x is referred to as a set of decision or optimization variables. The decision
variables consisting of independent variables are selected to find the optimal solution,

and the vector x containing n decision variables can be shown as x = (x ..., x,)".
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Constraints represent any restrictions on the values of the decision variables and any
optimization formula must be complete and not leave out any constraint. Regardless
of the solution, the constraint must be satisfied. The constraint may be determined in
the form of equality constraints (Eq. 2.2) or inequality constraints (Eq. 2.3) and their

values determine the feasibility of the solutions.

Sometimes we find that most problems have multiple objectives and using single-
objective optimization is insufficient, so we have to use multi-objective optimization.
2.3.3 Applications

Today, mathematical optimization algorithms are essential in our daily life and we use
them in different aspects of life to find the best solution for any problem. Some of the
most important real-world optimization applications are as follows:

e Agriculture: optimization of energy consumption and environmental impacts
of chickpea production [97], path planning of an agricultural mobile robot [98],
and agricultural land classification and evaluation [99].

e Architecture: optimization of form and facade of an office building [100] and
optimization of architectural shape [101].

e Auviation: flight trajectories optimization [102] and optimization of hypersonic
aircraft [103].

e Chemistry: generate highly-accurate semi-empirical potential energy surfaces
[104], prediction of chemical patterns [105], and prediction of structures of
nanoparticles [106].

e Education: educational timetabling problems [107], test data generation [108],

exam paper generation [109], and question-answering systems [110].

38



e Engineering: designing hydraulic presser to maximize the nominal pressure
rating and fully loaded power while minimizing the oil injection volume [123],
supply chain management [111], production planning and detailed scheduling
[112], and optimization of cable-stayed bridges [113].

e Medical: disease diagnosis [114], cancer detection and prediction [115],
radiotherapy treatment planning, and RNA design and structure prediction

[116].

The common denominator of all these problems is due to a large number of alternative
solutions in the framework of the search algorithm that can support human decision-
makers in solving problems.

2.3.4 Multi-objective Optimization

Some optimization problems require the optimization of multiple and conflicting
objectives, and they are referred to as multi-objective optimization (MOO), which is
challenging despite their high importance. These MOO applications can be used in
engineering, computer science, sociology, economics, agriculture, medicine, etc. A
multi-objective optimization problem (MOOP) is an optimization problem that
involves more than one objective function that is to be minimized or maximized and
the answer is a set of solutions that define the best tradeoff between competing
objectives [117]. We can handle MOOP by optimizing functions f;(x), ..., fin(x)
simultaneously, where the number of objectives can indicate by m (m > 2). Multiple-
objective optimization usually has conflicting objective functions that produce a set of
optimal solutions known as Pareto-optimal solutions instead of one optimal solution,
since no solution can be considered to be better than any other concerning all

objectives.
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2.3.5 Multi-objective Optimization Methods

Multi-objective optimization methods are a class of algorithms and techniques used to
solve optimization problems that involve multiple, conflicting objectives. These
methods aim to find a set of solutions that trade-off the conflicting objectives in a way

that is acceptable to the decision maker [118].

There are several types of multi-objective optimization methods, including

scalarization methods and pareto methods.

Scalarization methods: Scalarization methods involve converting multiple objectives
into a single objective function by combining them using a scalarization function. This
function assigns a weight or importance to each objective, and the combined objective
function is the sum of the individual objectives, each scaled by their corresponding
weight. Scalarization methods can be further classified into two main categories: linear
scalarization methods and nonlinear scalarization methods. Linear scalarization
methods use linear combinations of the objectives, while nonlinear scalarization

methods use nonlinear combinations [119].

Pareto methods: Pareto methods are a type of optimization technique that is used to
solve problems with multiple conflicting objectives. These methods are based on the
concept of Pareto optimality, which refers to a state in which it is not possible to
improve one objective without degrading another. In other words, a Pareto optimal

solution represents the best trade-off between the objectives [120].

One of the key elements in the design and implementation of computer-based problem-

solving systems is the use of computational models of evolutionary processes called
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evolutionary computations. Various computational evolutionary models have been
proposed and studied, which we refer to as evolutionary algorithms [121]. The term
Evolutionary Algorithm (EA) stands for a class of stochastic optimization methods
that simulate the mechanisms of the biological evolution process and has been applied
to a wide variety of problems. In EA, natural selection is simulated by a stochastic
selection process. EA seem particularly desirable for solving MOO problems because
they deal with a set of possible solutions simultaneously [122]. Nowadays, the multi-
objective evolutionary algorithm (MOEA) has become the main approach for solving
MOO problems. EA mimics common evolutionary processes such as natural selection

and variation (mutation, crossover) in nature.

An EA contains four main overall steps including initialization, selection, genetic
operators, and termination. Chromosomes representing candidate solutions. In the
initialization step, a set of solutions called population is usually created randomly.
After creating a population in the initialization step, the population members must now
be evaluated based on a fitness function. The fitness function is defined to measure the
fitness of each solution (individual chromosome) to determine which will reproduce
and survive into the next generation according to objectives. The third step, which is
genetic operators, usually includes crossover and mutation sub-steps. After selecting
the best members according to the fitness function, these members are now used to
create the next generation in the algorithm and new children are created according to
the characteristics of the selected parents. In each generation, new solutions (offspring)
are created by genetic operators. The crossover operation is performed to recombine
parts of these parents to create child solutions, and with the mutation operation, a small

change is made in the child solutions. From among all parents and children (solutions),
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a new set called the new generation that contains better solutions is selected, which is
called survivor selection. This process is repeated until finding better and more optimal
solutions (evolution). Finally, in the termination step, the algorithm ends by reaching
the maximum execution time or the performance threshold and the final solution is
selected. When dealing with multiple conflicting objectives, unlike single-objective
optimization, the EA ranking mechanism needs to be designed because there is

ambiguity in whether one solution is better than another.

Multi-objective optimization methods are widely used in various fields, such as
engineering, finance, and operations research. These methods can be applied to a wide
range of problems, including resource allocation, scheduling, design optimization, and
risk management.

2.3.5.1 Multi-objective Genetic Algorithm

MOGA is a multi-objective optimization algorithm that is based on the principle of
natural selection and uses a genetic representation of solutions. MOGA generates a
population of potential solutions and iteratively improves them through a process of
selection, reproduction, and mutation. The solutions that are selected for reproduction
are the ones that are most fit according to some fitness function, which is a measure of
how well the solution performs on the objectives. MOGA uses a ranking-based
selection mechanism to select the solutions that will be reproduced, and it assigns a
rank to each solution based on its performance on the objectives. MOGA is a powerful
optimization algorithm that can handle complex multi-objective optimization
problems, but it can be computationally expensive and may require a lot of time to

converge to a satisfactory solution [123].
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2.3.5.2 Non-dominated Sorting Genetic Algorithm 11

NSGA Il is a popular evolutionary algorithm for solving multi objective optimization
problems. It is an improvement over the original NSGA algorithm and is more efficient
and effective in handling complex problems. NSGA 11 uses a ranking based approach
to select the solutions that will be reproduced, and it assigns a rank to each solution
based on its performance on the objectives. The rank reflects the number of other
solutionsthat dominate the solution, and solutions with lower ranks are more likely to
be selected for reproduction. NSGA Il is widely used in various fields, such as
engineering, finance, and operations research, and it has been shown to be effective in
handling complex multi objective optimization problems [124]

2.3.5.3 S-Metric  Selection Evolutionary Multi Objective  Optimization
Algorithm

SMS EMOA is a MOEA that uses a different approach to solve multi objective
optimization problems. It works by generating a set of "reference points” in the
objective space and selecting a subset of these points as the starting population. The
algorithm then applies a selection operator to choose the most promising solutions and
applies genetic operators to these solutions in order to generate new ones. The
algorithm also uses an "S metric" to measure the distance between solutions and the
reference points, and it uses this metric to guide the search toward promising areas of
the objective space [125].

2.3.5.4 Adaptive Geometry Estimation based Multi- Objective
Evolutionary Algorithm

AGE MOEA uses the same basic structure as NSGA 11, but with a changed crowding
distance calculation. It first sorts the non dominated solutions using non dominated
sorting, then uses the first sorted set to normalize the objective space and estimate the

Pareto front shape. It then determines the "p" value of a Minkowski p norm based on
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the closest solution in the middle of the first set, and uses that p-norm to determine a
survival score that balances the distance from neighboring solutions and proximity to
the ideal solution. The algorithm first sorts the non-dominated solutions, and then uses
the first sorted set to estimate the Pareto front geometry and calculate a survival score
for each solution. The survival score takes into account both the proximity of each
solution to its neighbors and its distance from the ideal solution. This allows AGE-
MOEA to balance diversity and convergence in the search for Pareto optimal solutions,
resulting in improved performance compared to traditional NSGA-II in various test
problems [126].

2.3.6 Applications of Multi-Objective Optimization in Education
Multi-objective optimization can be a useful tool for education institutions to make
more informed decisions and allocate resources effectively to achieve multiple
objectives. Multi-objective optimization can be applied in various ways in the

education sector. Here are a few examples:

Curriculum design: In education, curriculum design involves choosing the topics and
content that should be included in a course or program. Multi-objective optimization
can be used to determine the optimal curriculum that balances various objectives, such
as maximizing student learning, minimizing the time required to complete the course,

and minimizing the cost of the course.

Resource allocation: Education institutions often have limited resources, such as
time, money, and staff, which need to be allocated effectively. Multi-objective
optimization can be used to determine the optimal allocation of these resources to
achieve multiple objectives, such as maximizing student satisfaction, minimizing

costs, and maximizing the quality of education.
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Scheduling: In education, scheduling involves creating a timetable for classes, exams,
and other activities. Multi-objective optimization can be used to determine the optimal
schedule that balances various objectives, such as minimizing conflicts between
classes, maximizing the utilization of resources, and minimizing the time required to

complete the program [127], [128].

Student placement: In education, student placement involves assigning students to
different courses or programs based on their interests and abilities. Multi-objective
optimization can be used to determine the optimal placement of students that balances
various objectives, such as maximizing student satisfaction, minimizing conflicts

between courses, and maximizing the quality of education.

Student assignment: In education, student assignment refers to the process of
assigning students to different groups or teams for various activities, such as group
projects or team-based learning. Multi-objective optimization can be used to determine
the optimal assignment of students to groups that balance various objectives, such as
maximizing the diversity of perspectives and skills within each group, minimizing
conflicts between students, and maximizing the overall quality of the learning

experience.

Student loan optimization: Many students rely on loans to finance their education,
and the repayment of these loans can have a significant impact on their financial well-
being. Multi-objective optimization can be used to determine the optimal repayment
plan for student loans that balances various objectives, such as minimizing the overall
cost of the loans, maximizing the flexibility of the repayment plan, and minimizing the
risk of default.
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Chapter 3

SYSTEM STUDY AND REQUIREMENT ANALYSIS

3.1 The Concept of Question Bank System Architecture

A question bank system is a type of computerized system that is designed to store and
manage a large collection of questions, along with associated answers and other
relevant information. The goal of a question bank system is to allow users to quickly
and easily access a wide range of questions on a variety of different topics, and to
customize their experience by selecting the types of questions that are most relevant

to their needs.

The concept of our proposed system is based on the idea that different individuals have
different learning styles, preferences, and needs, and that a one-size-fits-all approach
to learning is not effective for everyone. By tailoring the questions to the individual's
specific learning needs and preferences, the system can provide a more engaging and

effective learning experience.

The architecture of our proposed question bank system typically consists of several
different components, including a database to store the questions and related
information, a user interface for accessing and navigating the system, and a set of
algorithms and processes for recommending and personalizing the questions that are

presented to users.
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One key feature of the proposed system is the ability to tailor the questions that are
presented to each individual user based on their interests, knowledge level, and other
factors. Another important aspect of the architecture of the proposed system is the
ability to allow users to create and add their own questions to the system. This can be
done through a simple interface that allows users to enter new questions and answers,

along with any additional information that may be relevant.
3.2 System Design and Development

The system was developed using the traditional system development life cycle (SDLC)
approach. This method involves creating a fixed structure, representation, and
mechanism that can be used by regular users to understand the system. It helps to
provide a comprehensive overview of the various phases of the development process.
In other words, SDLC is a way of building a system that is easy for users to understand
and use by breaking the development process down into distinct phases and creating a

clear structure for each phase [129].

The SDLC approach consists of several distinct phases, including (Figure 3.1):

Planning: In this phase, the overall goals and objectives of the system are defined, and
a high-level plan for the development process is created. This may involve identifying
the specific types of questions that the system will need to support, determining the

target user group, and defining any other requirements or constraints.

Analysis: In this phase, the system requirements are analyzed in greater detail, and a
more detailed plan for the development process is created. This may involve
conducting user research to better understand the needs and preferences of the target

audience, and creating detailed specifications for the system.
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Design: In this phase, the overall architecture and design of the proposed system is
developed. This may involve creating detailed design documents, creating mock-ups
or prototypes of the user interface, and developing algorithms and processes for

personalizing the questions that are presented to users.

Implementation: In this phase, the actual code for the proposed system is written and
the system is built. This may involve writing the code for the database, user interface,

and any other components of the system.

Testing: In this phase, the proposed system is thoroughly tested to ensure that it is
reliable, efficient, and user-friendly. This may involve conducting both automated and

manual testing to identify and fix any defects or issues.

Deployment: In this phase, the proposed system is released and made available to
users. This may involve installing the system on servers or in the cloud, and

configuring any necessary infrastructure to support it.

Maintenance: In this phase, the proposed system is continuously monitored and
updated to ensure that it continues to meet the needs of users and to fix any defects or

issues that may arise.

48



Maintenance Analysis

Deployment

Figure 3.1: System development life cycle (SDLC)

3.3 System Actors

System actors are the entities or individuals that interact with a system in some way.
In the case of our proposed question bank system, the proposed system has six types
of actors that play the role of operating the system. They are listed as follows (Figure

3.2):

End users: These are the individuals who will use the system to create and manage

their own question bank, as well as create quizzes.

Administrators: These are individuals who have special privileges and permissions
within the system, such as the ability to manage users, create and edit questions, and

view analytics and reports.

Developers: These are individuals responsible for developing and maintaining the

system.
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Testers: These are individuals who test the system to ensure that it is functioning

correctly and meeting the required specifications.

Support staff: These are individuals who provide technical support and assistance to

users of the system.

External systems: These are other systems or tools that may integrate with or interface
with the question bank system, such as learning management systems, chat-bots or

assessment platforms.

Developers
Administrators
Support staff \ ‘ ,
External Systems

Figure 3.2. System actors

3.4 Modeling System Requirements
This section will provide a comprehensive description of the system, including both
functional and non-functional requirements. It will include all necessary features to

ensure that the system is fully functional and meets all requirements (Table 3.1).

The functional specifications document outlines the features and behaviors that the
system must have to meet the requirements and expectations of the client, as

determined through interviews and analysis of their needs. It lists the specific features
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that must be included in the system in order to be considered complete and fully
functional. In addition to these functional requirements, the system must also possess
certain non-functional features in order to operate as intended. These non-functional
requirements include properties such as safety, reliability, efficiency, and portability.

The implementation plan for these non-functional requirements is typically outlined in

the system architecture, as they are integral to the overall architecture of the system.

Table 3.1: Functional and non -functional requirements of the system

Req. Type Description Type
The system should be Cross-platform Compatibility
compatible.
The system should be able to handle a large
number of users and questions without Performance
experiencing delays or downtime.
The system should be able to handle an
increase in the number of users or questions Scalability
without requiring significant additional
resources.
The system should protect user data and
prevent unauthorized access to the question | Security
bank.
The system should be easy to use and User
navigate, with a user-friendly interface. experience

Non-functional

Functional

The system should be easy to maintain and
update over time.

The system should be reliable and
consistently perform as expected.

The system should allow users to add or
remove questions, organize them into
categories or tags, and set preferences for
how they are displayed.

The system should be able to integrate with
other systems or tools, such as learning
management systems or assessment
platforms.

The system should have a reliable data
backup and recovery system in place to
prevent data loss in the event of a system
failure or disaster.

The system should allow institutes to
register instructors and students to the
system.

51

Maintainability

Reliability

Customizability

Integration

Data backup
and recovery

User
Registration



The system should allow instructors and
students to log in to access the question
bank.

The system should allow users to create,
edit, and delete questions, and organize
them into categories by their access level.
The system should allow users to search for
and filter questions by keywords, categories,
tags, or other criteria.

The system should allow users to create
quizzes or assessments using their own
questions or a selection of questions from
the question bank by choosing the number
of questions, difficulty level, and total
duration for the question set.

The system should be able to adapt the
difficulty of the assessment in real-time
based on the student's performance obtained

from external learning management systems.

The system should provide users with
detailed reports and analytics on their
question performance, including scores,
time spent, and areas of strength and
weakness by their access level.

The system should allow users to provide
feedback and ratings on questions, to help
improve the quality and relevance of the
question bank.

The system should allow admin users to
define different access levels for each user.

3.5 Application Architecture

the proposed system.
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Application architecture is the structure of an application, including the components
that make up the application, the relationships between those components, and the
patterns and principles that guide the design and evolution of the application. It is a
high-level view of an application that defines how the various pieces of the application
fit together and interact with each other to achieve the desired functionality. The

application architecture design in figure 3.3 illustrates the graphical representation of
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Figure 3.3: Application architecture

3.6 Database Design

Database design is the process of creating a structured plan for a database that outlines
how the database will be organized and used. It involves determining what data needs
to be stored in the database, what relationships exist between different data elements,
and how the data will be organized to support the needs of the application or system

that will be using the database.

Database architecture for our proposed system involve storing a collection of questions
with unique identifiers and metadata such as subject and difficulty level, as well as
information about users and their preferences. The system track which questions each
user has answered correctly and incorrectly, and also store additional data such as the
time spent on each. The database also includes tables for managing question sets and
storing information about subjects and topics, and include additional tables for storing

relevant metadata.

Question Type table: The question types table stores information about the different

types of questions that are available in the question bank. It is typically used to classify
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guestions based on their format or other characteristics, such as multiple-choice,

true/false, or fill-in-the-blank.

e Question Type ID: A unique identifier for the question type
e Type name: The name of the question type (e.g. "Multiple-choice",
"True/false", "Descriptive", etc.)

e Description: A brief description of the question type.

Questions table: Stores the questions that are available in the question bank, along

with their metadata such as subject and difficulty level.

e Question ID: Unique identifier for the question

e Question Type ID: The type of question (eg. Multiple-choice, Descriptive, etc.)
e Subject ID: ID belongs to the subject area of the question

e Difficulty level: Difficulty of the question

e Accessibility: Whether the question is publically accessible or private

e Duration: Time need to spent to solve the question

e Question text: The text of the question

e Correct answer: The correct answer to the question

e Source: Source of the question.

Option table: Choices table stores the possible answer choices for questions in the
question bank. It is typically used in conjunction with a questions table that stores the

questions themselves and an answers table that stores the user answers.

e Option ID: A unique identifier for the answer option
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Question ID: The unique identifier for the question that the answer option
belongs to.
Option label: The text of the answer option (e.g. "A", "B", "C", etc.)

Option text: The text of the answer option.

Access Level table: The access level table stores information about the different levels

of access that users of a system may have. Access levels are used to control which

users can perform certain actions or access certain resources within the system.

Access Level ID: A unique identifier for the access level

Level name: The name of the access level

Description: A brief description of the access level

Permissions: A list of the actions or resources that users with this access level
are allowed to perform or access (e.g. "create questions”, "delete questions”,

"create users", "delete users", etc.).

Users table: Stores information about the users of the system, including their personal

details and preferences.

User ID: Unique identifier for the user
Name: Name of the user

Username: Unique username of the user
Email: Email address of the user

Access Level ID: Access level id of the user
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e Preferences: Any preferences or settings that the user has specified (e.g.

preferred difficulty level, subjects of interest, etc.)

Question history table: Stores a record of each question that a user has answered,
along with the result (correct or incorrect) and any additional data such as time spent

and confidence level.

e History ID: Unique identifier for the answered question log

e User ID: Unique identifier for the user

e Question ID: Unique identifier for the question

e Answer: Answer of the user to the question

e Result: Result for answer of the user to the question

e Time spent: Amount of time that the user spent on the question

e Answer Time: Date and time when answering the question.

Subjects table: Stores information about the subjects covered by the questions in the

question bank

e Subject ID: Unique identifier for the subject

e Subject name: Name of the subject.

Topics table: Stores information about the topics within each subject that the

questions are related to.

e Topic ID: Unique identifier for the topic
e Subject ID: Unique identifier for the subject that the topic belongs to
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e Topic name: Name of the topic.

Question feedback table: Stores feedback provided by users about specific questions.

e Feedback ID: Unique identifier for the feedback

e Question ID: Unique identifier for the question that the feedback belongs to

e User ID: Unique identifier for the user

e Feedback text: Textual feedback provided by the user about the question

e Other media: Any additional media (e.g. images, videos) that may be relevant

to the feedback.

Assessment table: Assessment table stores information about the assessments that
have been generated by the users. An assessment is a set of questions that has been

customized for a particular user based on their preferences.

e Assessment ID: A unique identifier for the assessment

e User ID: The unique identifier for the user that generated the assessment
e Title: Title of the assessment

e Questions: A list of question IDs that belong to the assessment

o Date generated: The date and time at which the assessment was generated
e Score: The score belongs to the assessment

e Duration: The total duration of the assessment

o Difficulty level: The difficulty level of the assessment defined by the user.

An entity-relationship (E-R) diagram is a graphical representation of the relationships

between different entities in a database or information system. It is used to model the
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structure of a database and to show how different entities are related to each other. An

E-R diagram typically consists of three types of elements: entities, attributes, and

relationships. Figure 3.4 shows the E-R diagram of the proposed system.
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Figure 3.4: E-R diagram for the system

3.7 Data Collection

In the proposed system, data collection is carried out by adding questions through user

input or importing from learning management systems (LMS) such as Moodle. This

data may be structured or unstructured. The collected data is then used to create

assessments for users, based on their individual needs or preferences.
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3.8 Application of Modified NSGA-I1 Algorithm

3.8.1 Introduction

One of the most important, sensitive, and necessary parts for success and guaranteeing
the efficiency of an education system is the quality of assessments. A better
implementation of assessments is important in terms of making sure that students work
correctly and succeed in acquiring the required knowledge. Assessment monitors the
educational process of students and can also measure the quality of education
provided. However, contradictory results have been observed among many students.

Some students believe that assessments can be ignored in the learning process [130].

One of the tools that can help improve assessments is Question Banks. A question
bank is a pool of questions that are stored to be used in assessments over time.
Questions can be added over time by instructors or students. Instructors normally add
questions into question banks to reuse in multiple assessments. Additionally, students
can import their questions and research shows that question banks generated by
students have improved students' exam performance [131]. Question banks are good
potential for creating and reusing assessments in a flexible, customized, unique, and
tailored formative and summative way [132]. Each question can have different
features. These features can be the level of difficulty, the time required to answer, or
the subject to which the question belongs. One of the methods to find the difficulty
level of questions is the item analysis process which examines student responses to
individual test items (questions) [133]. Another way of determining the difficulty level
of questions is to ask the question designer. The answering duration can be considered

the average time of previous responses or determined by the question designer. One of
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the advantages of using the question bank in preparing assessments is saving time

[134].

Advancement in technology has provided the opportunity for educational systems to
improve their educational quality and one of the affected parts is the assessments. New
technologies have given the opportunity to the educational system to conduct online
exams or to evaluate students repeatedly with flexibility in place and time [135]. The
questions used in these online assessments can be selected from the question bank. A

set of questions can be selected randomly or purposefully.

The best solution to this selection can be found through the optimization process [119].
Selection of the best and optimal set of questions from the question bank by
considering some parameters such as the difficulty level of the questions or the
duration of assessment can be a multi-objective optimization (MOO) problem. The
problem of subset selection is to select a subset from a whole set to accomplish specific
objectives [136]. The MOO problems involve two or more optimization objective
functions [137]. In the problem of choosing questions from the question bank, the

objectives can be difficulty level and duration.

The MOO methods are useful to solve the problem of selecting questions from the

question bank. The commonly used method of MOO are as follows:

Random Selection: In this method, the solutions are chosen randomly. In the
application of the random selection method on the question selection problem, the
algorithm starts with selecting the first question from the question bank based on

constraints and then conditions of objective functions are checked and in the case of
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not fulfilling the conditions, another question is selected. This process continues until
a sufficient number of questions that meet user requirements are selected. Another way
of using random selection is to search for all the questions considering constraints from
the question bank and randomly select a number of them. In [138], the application of

a randomized algorithm to generate a question paper can be found.

Multi-objective particle swarm optimization (MOPSO): The particle Swarm
Optimization (PSO) algorithm is famous and attractive because of its simplicity and
effectiveness in finding a solution for single and multi-objective optimization
problems. In [139], one of the first use of PSO to solve multi-objective problems was
done using MOPSO. The implemented algorithm uses the Pareto dominance to search
for solutions to multi-objective problems and uses the second population or exterior
archive to save non-dominated solutions and helps in finding of next generations [140].
The Question selection problem is implemented by using a modified method of PSO

in [141] and [4].

Multi-objective Ant Colony Optimization (MOACO): The main thought behind
Ant Colony Optimization (ACO) is to solve the problem in order to search for a
minimum cost path in a graph, and use artificial ants to search for good paths. This
process is inspired by the foraging behavior of real ants for seeking a path between
their colony and source of food [142]. In recent years, many papers have been
published introducing ACO algorithms for multi-objective problems. In [143], an
ACO algorithm was implemented for the optimization problem of choosing questions

from the question bank.
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MOGA: Genetic algorithm (GA) is a type of self-adaptive global search optimization
algorithm which imitates Charles Darwin's theory of the natural evolution of living
beings [144]. The multi-objective implementation of GA called MOGA was
introduced for the first time in 1993 and used the non-dominated classification of a
GA population. The MOGA clearly emphasizes non-dominated solutions and
maintains diversity among non-dominated solutions at the same time [123]. The
majority of prior research has applied GA and MOGA to solve the optimization
problem of selecting questions from the question bank. Many different improved GA
implemented in [145],[146],[147],[148],[149], and [150] to find solutions for the

optimization problem of selecting questions for a test paper from the question bank.

AGE-MOEA: The AGE-MOEA method was recently proposed in the field of MOO
to better achieve the set of all Pareto efficient solutions (Pareto front) by using an
adaptive evolutionary algorithm based on non-Euclidean geometry. Based on this, it
estimates the geometry of the generated front and adapts the diversity and proximity
metrics accordingly [126]. According to the investigations we have done, it was found
that no study has been done on using AGE-MOEA to solve the optimization problem

of question selection from the question bank.

SMS-EMOA: SMS-EMOA uses a combination of non-dominated sorting and hyper-
volume indicator-based selection and it works perfectly in searching for the perfect
distributed solution set to estimate the Pareto front [125]. To our knowledge, no prior
studies have been done on using SMS-EMOA to solve the optimization problem of

question selection from the question bank.
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NSGA-I1: An elitist non-dominated sorting GA (NSGA- I1) developed in 2000 which
uses elitist, diversity-preserving mechanisms and emphasis on non-dominated
solutions [124]. NSGA-II has become a popular method for solving MOO problems.
As far as we know, there is no previous research regarding solving the problem of

question selection from question banks using NSGA-II.

Hybrid Methods: A hybrid algorithm is a combination of multi algorithms that are
developed to perform better than the individual algorithms to solve the same problem
by selecting one or changing between them during the execution of the algorithm
[151]. Hybrid algorithms also perform well in solving MOO problems. In [152], a
combination of an improved adaptive GA with particle swarm optimization was used
to find solutions for choosing questions for test papers from the question bank. A test
paper generation system is implemented based on Ant Colony Hybrid GA in [153].
The implemented method in [154] and [155] introduces the simulated annealing
algorithm to optimize the problem of question selection for use in test papers based on

GA.

Most of the previous studies were limited to a question bank containing a small number
of questions or the collected data was not real. In the mentioned studies, many
important multi-objective evolutionary algorithms have no implementation and are not

examined.

In this study, we propose an efficient MOO approach for the problem of selecting
questions from a question bank that can be used in the generation of exam papers or
intelligent learning assistant systems. The proposed approach is based on the NSGA-
I1 method for MOO. Also to fill mentioned literature gaps, this paper examined many
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important multi-objective evolutionary algorithms including MOGA (as a base
algorithm for most of the studies), AGE-MOEA, SMS-EMOA, and NSGA-I1I on the

optimization problem and compared the results for each of them.

This study seeks to examine the efficiency of our proposed method for finding a
solution for the optimization problem of selecting questions from the question bank by
considering the results obtained for the execution time, objective function value, and
the number of generations to reach the final solution. This study also aims to explore
the effect of the weight coefficient for two objective functions on the solution of the
optimization problem.

3.8.2 Methodology

This paper researches the MOO problem for extracting questions from the question
bank. We define question bank with m questions as Q = {Q4,Q5, ..., Qm, }, in Which
each question Q; has different parameters. Each question can represent as Q; =
{U;, Dy, T;} ,where U; is question unique code, D; is questions’ level of difficulty and T;
is the time allotted to answer the question. The time allotted to answer the question is
determined by the question designer, and the difficulty level of each question is

dynamically calculated by [156]:
CA; :
Di = ﬁ ,Di € [0,1],1 € {0,1, ,m} (31)

Where CA; is the number of correct answers and TA; is the total number of answers to

the question.

The difficulty level of the questions in the question bank (D) and the time allotted to

answer the question (T) are shown as follows:
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Dy Ty

2 (32)

Dm Tim

Each set of selected questions is a 1 in m matrix, where each S; indicates the status of

the question Q; of question bank in the selected set:

S = [Sl; Sz» . Sm] where S]- _ {1 if Q;j in selected set (33)

0 if Qj notin the selected set

j€{0,1,..,m} (3.4)
The purpose of this study is to optimize problem P = {K, D, T,,, W, C} to find the best
set of k questions from the question bank Q where D, represents the objective level of
difficulty, T, represents the total duration of all of the selected questions, W is the
weight coefficient of objective functions, and C = {C4,C,, ..., C, } denotes a set of
constraints. D, T, and W parameters required from the user as input. The value of the
weight constraint determines the importance of each of the factors of difficulty level

and duration. Equal importance will occur when the value of weight is 0.5.

In this research, the main idea is to select questions according to a set of objectives as
follows:
e The difficulty level of a question in the set must be equal to the value requested
by the user

e The total duration of questions should equal the required duration.

The solution comprises an optimized set of questions, by considering some appropriate
properties of each question such that the question set can be selected with the values

of the difficulty level and the duration close to the objective values. Consequently, this
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results in the optimization of objective functions F; and F,. The objective functions
for this optimization problem are calculated using equations 3.5 and 3.6.

_ 21, SiD _

Fi m

Dy (3.5)

k g
F, = 12250 (3.6)

Based on the definitions of the objective functions, the target function of our problem
Is as follows:
Min: F=WXF;, +(1—-W)XF, (3.7)
Subjectto: We (01) (3.8)
The constraints and conditions required by object functions are:
1. All the questions in the selected set should not have the same level of difficulty.
2. The set of questions should not include repeated questions.
3. The selected set should have the right number of questions requested by the
user (Equation 3.9).
k—2;2,S; =0 where S; €S (3.9)
NSGA-II Optimization Algorithm: In this section, we provide an overview of the
NSGA-II algorithm. NSGA-II is a type of multi-objective evolutionary algorithm in
which a population set of chromosomes (solutions) heading to better solutions is
widely used in many real-world applications. Among the important features of this
algorithm, we can mention using of elitist principle and explicit diversity-preserving

mechanism and emphasizing the non-dominated solutions. The principle of the
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NSGA-I1I algorithm is shown in Figure 3.5 according to its non-dominated sorting

strategy.

Non-dominated Crowding distance

sorting sorting
New generation
Rank 1 population
old
; Population Rank 2 o
Generated
Initial » » » B = » s
Population Rank 3 Rank 3
Offspring Rank 3
Population Rank 4 F}az{\ét Rejected
Rank 5 Rank 5

Figure 3.5: Mechanism of NSGA-II algorithm

As shown in the flowchart illustrated in figure 3.6, the main steps of a simple NSGA-
Il algorithm for multi-objective problems usually start from a randomly produced
population in the first generation. All the individuals are classified into different ranks
based on non-dominance by calculating the fitness value for each individual. In
addition to the fitness value of each individual, crowding distance is calculated too.
The crowding distance indicates how far it is from its neighbors and how close it is to
them. (Figure 3.7). A larger average crowding distance value will cause better diversity

in the population.
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Figure 3.6: Flowchart of NSGA-I1I
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Figure 3.7: Crowding distance
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In the next step sorting algorithm applying by using calculated fitness values according
to the domination criterion. A selection process is carried out to select the best
individuals by a tournament selection with the help of a crowding distance prediction

procedure. Next, crossover and mutation operators are performed to create an offspring



population, and fitness values are calculated for the newly generated population. The
resulting offspring population is combined with the old population, then a non-
dominated sorting is applied to the new combined populations and classify them by
fronts and generates the new population according to the ranking of the front (Figure

3.8).

F2

@ 01d Population

Q Offspring Population

Rank 3

Rank 2

F1

Figure 3.8: Selection mechanism of NSGA-11

Afterward, individuals that will pass on to the next generation are selected. This
process is repeated until all the stopping criteria are met. The stopping criteria can be
different conditions such as the number of generations or the value of objective
functions. As the number of generation or objective function value reaches the defined
value, NSGA-II stops and report the last population with their corresponding fitness

values and fronts.

Proposed Modified Operators of NSGA-II Optimization Algorithm: To improve
the performance of the algorithm on the problem of selecting a set of questions from

the question bank, some modifications were made to the original algorithm. Small
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changes were made to sampling, crossover, and mutation operators to reduce the

algorithm execution time and improve the quality of results.

Sampling: The first step of the NSGA-I1 algorithm is to generate an initial population
in which a set of possible solutions is included. The quality of this population plays a
key role in solving an optimization problem by NSGA-II. For any set of questions, we
calculate the eligibility level for each question. A higher eligibility level for each
question increases the chance of being placed in the initial population. The two-
dimensional coordinate system used in this research uses the difficulty level and
duration of a question as the two dimensions (Figure 3.9). The difficulty level and
duration are expressed as percentages from 0 to 100, which are calculated for the
duration variable by considering the maximum value available in the question bank.
By plotting the difficulty and duration of a question on this coordinate system, the
distance between two points can be calculated. The research defines an ideal point on
the coordinate system, which represents a question with the ideal difficulty level and
duration. The eligibility level of a question is then calculated based on its distance from
the ideal point. For example, a question that is plotted very close to the ideal point
would have a high eligibility level, whereas a question that is plotted far from the ideal
point would have a low eligibility level. If we consider point A as the ideal question
in Figure 3.9, then the eligibility level of each question is directly related to the distance
of the point corresponding to that question from the point corresponding to the

assumed ideal question.
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Figure 3.9: Initial population sampling

The distance of each point from the ideal point (E) is obtained as follows:

dg = /(Dg — Da)? + (Tg — Ta)? (3.10)

Where Dy is difficulty level and Ty is the duration of point B and T, = 7“ and D, =

D,,belongs to point A.

The weight of each question can be calculated as follows:

€g = — (311)
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Now the initial individuals can be obtained by applying the steps used in the Weighted
Random Sampling (WRS) algorithm [157]. Individuals (each corresponding to a set
of questions) are obtained by selecting questions randomly from Q using WRS where

the weights obtained by calculating eligibility level of each question (Figure 3.10).

Input:
e m: number of questions in the question bank
e D:min | matrix of difficulty level associated with each question in Q
e T:min 1 matrix of duration associated with each question in Q
e D, :Requested difficulty level
* T,:Requested duration in seconds
®  k: Number of requested questions
Output:

¢ An initial population set of size k

T,
Declare Ty, = f

Declare rank matrix R[m][2]

Declarei = 0,r=0,d =0,e =0

Repeat until i < m

4.1: r = random(0,1)

4.2: d = \[(D; — Du)* + (T; — Tayy)?
1

43 e=-
d

1
4.4: R[m][0] = re,R[m][1] = i
45 Seti=i+1

B

Figure 3.10: Pseudocode of WRS

Crossover: In this study, a modified binary crossover is used to produce a new
population. A modified binary crossover takes the values of two parents and then
selects from one of the parents randomly by considering their eligibility ranking until

enough number of them are selected.

Mutation: The mutation operator is modified to use subset selection from a set and

simply removes a number and chooses another one randomly. In our problem, the
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mutation operator randomly picks a question that is not selected and adds it to the
selection and picks one selected randomly and removes it from the list.

3.8.3 Experiments

In this section, we experiment with the question selection problem to evaluate the

performance of our modified algorithm compared with other methods.

Experimental Environment: We now present our experimental results with the aim
of showing the efficiency of the proposed algorithm compared with other algorithms.
We run all tests on the same computer system to allow a fair comparison. All the runs
performed on a server with specifications are listed in Table 3.2. In all experiments
explained here, we use Python 3.10 and Pymoo 0.6.0 [158] for the implementation of

the algorithms.

Table 3.2: Server configuration used to run tests

Item Description

Operation System Microsoft Windows 10 Pro

System Type 64-bit

Processor 1 Intel-Xeon Serie E5-2660 v2 (2.20 GHz)
Processor 2 Intel-Xeon Serie E5-2660 v2 (2.20 GHz)
RAM 16 GB

Method of 5-fold cross-validation applied to validate the performance of each
population. By considering the results of the validation method by shifting the
population size from 10 to 100 with a step size of 10, a population size of 50 was
selected. Two stopping conditions are used in this experiment. One of the conditions

is to reach the 1000th generation, and the other one is the value of the objective
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function, which must be less than threshold ¢ = 0.002. We performed these tests on
two different question banks with a small and large number of questions. All of the

parameters for this experiment are shown in Table 3.3.

Table 3.3: Parameter values for the experiment study

Parameter Value
Population size 50
Criteria

Objective function value less than £=0.002
Number of questions in the question bank 1000, 20000
Number of required questions 10, 100
Level of difficulty 0.5
Required duration (seconds) 900, 9000
The weight coefficient (W) {0.1,0.2, .., 0.9}

To test the efficacy of the presented algorithm, the obtained results should be compared
with the results of other algorithms. For this purpose, 4 different algorithms were selected
and the MOO problem of selecting questions from the question bank was also
implemented on them. The algorithms used in this experiment are as follows:

e Eligibility Ranking Non -Dominated Sorting Genetic Algorithm Il (ER-NSGA-

1)

e NSGA-II [124]

e AGE-MOEA [126]

e SMS-EMOA [125]

e Multi-Objective Genetic Algorithm (MOGA) [159].
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To select the crossover and mutation rate (probability) value that can be used in each

algorithm, the experiment was repeated for each algorithm for different probability

values for crossover and mutation between 0.1 and 0.9 and finally, the optimal values

were selected. In every experiment, each execution was repeated 50 times. All of the

algorithms used in this experiment are listed in table 3.4 with relevant details. Five

factors were considered due to evaluate the results of the experiment. The average

execution time of the algorithm to select questions (in seconds), the average value of

the objective function for evaluating the quality of solutions, and the average number

of generations to reach the solutions.

Table 3.4: MOO algorithms used in the experiment study

Algorithm

ER-
NSGA-II

NSGA-I1I

AGE-
MOEA

SMS-
EMOA

MOGA

Operators
Sampling = Selection Crossover Mutation
Modified = |OUMaMeNt \s . ified Binary = Modified
Selection .
Random Crossover Mutation
[160]
Tournament Two-Point Bit-flip mutation
Random Selection Crossover [161]
(Probability=0.9) | (Probability=0.3)
Tournament Two-Point Bit-flip mutation
Random | cojaction | Crossover (Probability=0.1)
(Probability=0.7) y="
Random Tournament '(I;\;\c/)c;-slg?/:ar;t Bit-flip mutation
Selection (Probability=0.9) (Probability=0.1)
Random Tournament g\;\cl)(;-sz?/lenrt Bit-flip mutation
Selection (Probability=0.1)

(Probability=0.9)

Data Collection: In this research, datasets were extracted from the Learning

Management System of the Eastern Mediterranean University. This system is based

on the free and open-source learning management system written in PHP named
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Moodle which is normally used for online education. The database used in this system
iIs MySQL. The question bank of Moodle allows users to create, modify and preview
questions in a database and use them in the Quiz or Lesson activity. More than 80,000
multiple-choice questions were extracted from the database to use in this research.
Two question banks were created with questions randomly selected from the main
question bank. The small question bank contains 1000 and the big one contains 20000
different questions. The distribution of questions in parameters of difficulty level and
duration for the small question bank is shown in figure 3.11 and for the large question

bank shown in figure 3.12.

Scattering of level of difficulty and time duration of in
the small question bank
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Figure 3.11: Distribution of difficulty level and duration for questions in the small
question bank
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Scattering of level of difficulty and time duration of in
the large question bank
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Figure 3.12: Distribution of difficulty level and duration for questions in the large
question bank

3.8.4 Results

This section shows the results obtained by applying the proposed and other algorithms
to select a certain number of questions from the question bank. To evaluate the
performance and efficiency of the algorithms on the target optimization problem, each
algorithm was executed 50 times on different weight constraints and different numbers
of questions to be selected. Each execution of algorithms reported outputs related to
the execution time (ET), objective function value (F), and the number of generations
(NG). The results of the executions for the small question bank are shown in Table 3.5
and the large question bank are shown in Table 3.6 and the best results of execution
time achieved from algorithms are emphasized in bold. From the results obtained, the
following observations can be made:

Observation 1: According to Tables 3.5 and 3.6, no correlation was observed between
the value of the weight coefficient (W) and the execution time. Also, there was no
correlation between the value of the weight coefficient and the value of the objective

function.
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Observation 2: In the small question bank, the order of results for execution time
obtained from algorithms was the same for both 10 and 100 questions selection. The
execution time for our proposed algorithm (ER-NSGA-II) was by far the best. The
SMS-EMOA, NSGA-II, and AGE-MOEA are placed in the next ranks respectively.

The worst result was obtained from the MOGA. (Figure 13)

Observation 3: In the large question bank, when selecting a small number of questions
(10) from the question bank, the order of performance of the algorithms in results for
execution time is similar to the small question bank, but in selecting a larger number
of questions (100), after our proposed algorithm, which still provided far better results,
the AGE-MOEA is placed, and the NSGA-11 and the MOGA had weaker performances
respectively. The SMS-EMOA had the worst performance in this experiment. (Figure

3.13)

Observation 4: In both small and large question banks, all the algorithms were able
to perform well in minimizing the objective function value. Although the results were
somewhat close to each other, our proposed algorithm still had the best performance

in minimizing the value of the objective function. (Figure 3.14)

Observation 5: The number of generations to reach the final solution for algorithms
NSGA-1I, AGE-MOEA, SMS-EMOA, and MOGA to select 100 questions is far more
than the number of generations for 10 questions, but it is different for the proposed

algorithm and does not have a fixed trend. (Figure 3.1)
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Table 3.5: Experimental results of testing for small question bank

ER-NSGA-II NSGA2 AGE-MOEA SMS-EMOA MOGA
W QS ' NE ET |F N ET F NG ET |F NG ET F NG | ET F NG
G
0.1 |10 50 0.22 0.0015 9 0.44 0.0018 | 20 0.43 1 0.0012 | 16 043 |0.0013 19 0.10 ' 0.0014 6
100 50 0.13 0.0017 6 6.49 1 0.0018 | 245 3.28 1 0.0019 120 |13.20  0.0018 | 441 10.89 H0.0019 | 398
0.2 10 50 0.24 0.0014 10 0.58 ' 0.0002 @ 26 0.39 0.0010 |16 0.51 | 0.0006 @22 091 0.0012 40
100 50 0.08 1 0.0018 4 489 0.0008 185 '3.55 0.0018 ' 131 245 | 0.0018 89 597 0.0011 @ 208
03 |10 50 0.39 0.0015 16 0.15 0.0012 7 1.65 0.0015 59 0.46 |0.0018 19 1.04 | 0.0006 | 45
100 |50 0.08 0.0012 4 2.82 | 0.0016 ' 114 | 2.03 0.0003 |73 510 0.0010 | 179 297 0.0015 | 120
04 |10 50 0.32 0.0008 | 13 | 0.32 0.0016 @15 2.51 1 0.0004 94 0.48 |0.0008 @21 1.92 | 0.0004 | 81
100 50 0.11 1 0.0019 5 290 1 0.0014 104 238 0.0011 @89 345 [0.0015 105 5.89 | 0.0019 | 206
05 10 50 0.14 0.0010 6 0.37 1 0.0005 | 17 1.98 0.0010 76 1.23 |0.0010 51 1.65 0.0010 70
100 50 0.14 0.0012 6 2.16 0.0016 | 89 2.23 1 0.0020 80 216 | 0.0017 82 232 0.0014 92
06 |10 50 0.17 1 0.0012 7 0.59 0.0018 | 26 0.31 1 0.0018 | 12 0.94 |0.0006 @39 1.32 | 0.0018 55
100 |50 0.08 0.0014 4 2.10 | 0.0015 | 89 2.66 4 0.0020 | 100  2.02 | 0.0020 74 277 0.0018 105
0.7 |10 50 0.07 | 0.0000 3 0.76 1 0.0014 | 33 0.20 0.0014 9 022 |0.0014 11 285 | 0.0014 114
100 50 0.08 0.0015 4 1.63 0.0010 65 2.15 1 0.0019 79 263 0.0018 83 192 | 0.0010 | 82
08 10 50 0.19 0.0008 8 291 0.0016 ' 117 0.60 0.0016 | 24 0.38 | 0.0008 @16 2.69  0.0008 | 112
100 50 0.08 0.0007 4 253 1 0.0018 100 247 0.0015 92 3.70 |0.0010 128 3.49 | 0.0019 | 143
09 |10 50 0.34 0.0009 14 127 0.0018 54 2.29 1 0.0009 | 86 198 | 0.0018 80 1.32 | 0.0018 | 56
100 | 50 0.16 0.0008 7 412 0.0015 148 594 0.0019 210 5.86 |0.0014 172 | 11.95 H0.0019 @435



Table 3.6: Experimental results of testing for large question bank

ER-NSGA-II NSGA2 AGE-MOEA SMS-EMOA MOGA
W QS NE ET F NG ET F NG | ET F NG | ET F NG ET F NG
01 10 50 193 |0.0003 11 | 3.28 0.0013 15 258 0.0013 11 |0.60 | 0.0019 4 3.00 |0.0017 14
100 50 425 0.0018 24 | 1418 |0.0000 56 4234 0.0017 160  33.38 §0.0012 125 22.21 | 0.0011 95
02 10 50 1.89 |0.0004 11 935 0.0012 39 163 |0.0010 8 10.60 1 0.0012 |44 |2.72 0.0002 @13
100 50 3.17 0.0011 18 | 11524 0.0015 377 23.97 0.0018 90 | 16.74 0.0009 ' 68 | 2491 0.0015 | 108
03 10 50 3.14 |0.0003 | 18 | 6.23 0.0012 27 | 17.22 0.0018 65 1.79 |0.0003 9 6.52 | 0.0006 | 28
100 50 @ 2.63 1 0.0012 15 1597 | 0.0019 66 | 1510 0.0017 56 1591 ' 0.0019 57 | 18.28 0.0008 78
04 10 50 334 0.0008 19 | 1260 | 0.0004 52 |6.40 00004 26 264 00016 12 765 | 0.0012 @32
100 50 227 0.0019 13 1273 | 0.0006 57 |42.61 0.0020 153 32.17 0.0015 72 2478 | 0.0015 | 99
05 10 50 332 00015 19 /1883 0.0005 76 1279 0.0015 51 875 |0.0005 '35 | 6.61 | 0.0005 28
100 50 225 1 0.0015 13 | 1294 |0.0008 52 | 19.05 0.0007 73 | 14.79 1 0.0011 49  25.77 | 0.0014 110
06 10 50 9.55 |0.0006 |54 | 6.00 0.0012 25 | 13.14 0.0012 52 734 |0.0006 28 2.07 |0.0012 10
100 50 258 1 0.0018 15 |1444 |0.0010 62 2731 0.0004 99 | 2410 0.0011 67  18.71 |0.0008 80
0.7 /10 50 2.08 |0.0014 12 781 0.0007 ' 32 467 |0.0014 19 1790 0.0014 68 |11.15 0.0014 @ 46
100 50 3.72 0.0018 21 | 1219 0.0013 51 |7450 0.0013 245 998 | 0.0020 41 | 19.98 H0.0012 | 82
08 10 50 2.07 |0.0016 12 2163 0.0016 8 9.28 0.0008 37 |19.79 0.0016 |77 | 32.12 0.0008 | 125
100 50 426 0.0014 24 1915 0.0018 78 | 27.64 0.0020 | 107 32.78 0.0016 126 ' 31.61 0.0017 | 137
09 10 50 546 |0.0009 31 | 748 0.0009 |30 928 |0.0009 37 |11.14 0.0018 |44  46.72 | 0.0018 183
100 50 439 0.0002 25 | 3485 | 0.0019 148 48.28 ' 0.0017 176 4395 0.0020 | 125 31.31 0.0019 | 126
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Figure 3.13: The results of the execution time

The Results of Objective Function Value
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Figure 3.14: The results of objective function value
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Figure 3.15: Number of generations

3.8.5 Discussion

This section summarizes the findings of our study and the contributions made to the
topic. In this study, we proposed a modified NSGA-II algorithm to implement on
optimization problem of selecting questions from the question bank. The results of the
experiment found clear support for our proposed ER-NSGA-II method and our method
was the one that obtained the most robust results in different criteria. The execution
time of the proposed algorithm was significantly better than other algorithms in both
question banks, and the reason could be that the generated initial population was
chosen close to the solution and shortened the path to the final solution by using a
modified crossover. The MOGA had the worst result in terms of execution time, which
shows the insufficient efficiency of the simple version of this algorithm in our
experiment. One of the remarkable points in the obtained results is that with the
increase in the population of the question bank and the number of selected questions,
the efficiency of the SMS-EMOA decreases drastically and its performance in terms

of execution time is even lower than the MOGA.
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The results obtained from the execution of all algorithms on both question banks prove
that with the increase in the population, the duration of execution increases in all
algorithms, which can be the reason for the increase in the number of generations to

reach the final solution.

In optimizing the minimization of the objective functions by ignoring the execution
time parameter, all algorithms performed well and succeeded in reaching the final
solution in all experiments, although the proposed algorithm had a relatively better
result for the optimization of the problem than the rest of the algorithms in both

question banks.

Also, it can be seen from the results that, except in the proposed algorithm, the number
of generations to reach the final solution is more than the population of the question
bank depending on the number of questions requested for selection, and with the
increase in the number of requested questions from 10 to 100, the number of
generations also increases significantly. In our proposed algorithm, this number does

not depend on the parameters and provides better results.

From all the assessments, it is proved that the proposed algorithm for solving the
problem of question selection from the question bank is completely superior to other
algorithms.

3.8.6 Conclusion

One of the main purposes of the current study was to propose a modified NSGA-II
algorithm and compare its efficacy with several important multi-objective
evolutionary algorithms to optimize the multi-objective problem of selecting a certain
number of questions from the question bank by applying criteria such as difficulty
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level and duration. Another aim of this study was to investigate the effects of the
weight coefficient for objective functions on the results. The results of this study show
that the proposed algorithm was more efficient in terms of execution time, the value
of the objective functions, and the number of generations, and the weakest overall
efficacy was for the MOGA. The second major finding was that increasing the number
of selected questions and the population of the question bank both increase the duration
of execution to finding the solution and the weight coefficient made no significant
effect on results. These findings provide strong support for our proposed algorithm
and make several contributions to the current literature. First, it provides a new
modified NSGA-II algorithm that can be implemented on other multi-objective
optimization problems and its efficiency can be measured. Second, we also
implemented and compared other important multi-objective evolutionary algorithms
on the problem, many of these algorithms were implemented on this problem for the
first time. Further research is needed to confirm the efficacy of our proposed algorithm.
Future research should implement hybrid algorithms on the problem and compare the

results.
3.9 Question Set Generation

The selection of questions to be presented to a learner is a crucial task that can
significantly impact the effectiveness of the learning process. To optimize the
execution time and accuracy of the questions, we used our proposed ER-NSGA-II
algorithm which takes into account multiple factors that can influence the performance

of the system.
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Proposed system allows users to add their own questions or import them from external
systems like learning management systems. The difficulty level of the questions in the
question bank is regularly updated based on the assessment results, allowing the
system to continuously refine and improve the accuracy of the question set selection

process. (Figure 3.16)

Import Questions
External
Systems

Instructor Add Questions

Question Bank

Select Questions using
ER-NSGA-II Algorithm

Request Question Set

Student

Assessment Engine

Update Difficulty Levels

221n0g [eulaxg

<+

Generated Question Set Students Records

User

Figure 3.16: Question set generation

Users can request a question set by specifying various criteria such as difficulty level,
question count, and total duration. The assessment engine then uses the ER-NSGA-11
optimization algorithm to select the optimal question set based on these criteria. In
order to get personalized results, these criteria can be based on student's academic
records and performance and these data can be obtained from external sources. The

selected questions are then presented to the user for assessment.

This process of question set selection using the ER-NSGA-I1I optimization algorithm
ensures that the learner is presented with a customized and effective set of questions,

tailored to their specific needs and capabilities.
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3.10 Technical Aspects

The technical aspects involve the development and operation of the system's software
and hardware components, as well as the infrastructure and protocols that enable the
system to function. To start the implementation phase, we conducted an analysis of the
technical requirements that would be necessary for the development process. We also
examined the technical architectures of previous projects to identify their strengths and

weaknesses.

The system follows a client-server architecture, in which the system is made up of two
main components: a client-side component that is run by the user, and a server-side
component that is run by the system. The client-side component is typically
implemented as a web application that is accessed through a web browser and is
responsible for displaying the user interface and handling user interactions. The server-
side component is responsible for handling requests from the client-side component,
processing data, and returning responses. Communication between the client and

server is typically handled using a secure standardized protocol such as HTTPS.

For the proposed system, we used various tools to support this approach, as listed in
Table 3.7. These tools helped us to develop and implement the system in a reliable,

efficient, and effective manner.

Table 3.7: Tools used in the proposed system

Tool Type Description
A free, open-source, cross-platform
.NET Core Framework | framework for developing web applications,

cloud services, and other types of software
Programming | A high-level, interpreted programming

Python Language language that is widely used for web
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Microsoft SQL
Server

Visual Studio

HTML

CSS

JavaScript

Pymoo

3.11 User Interface

Database
management
system

Integrated
development
environment
(IDE)

Markup
language

Style sheet
language

Programming
language

Library

development, data analysis, and scientific
computing

As a widely used database management
system that can be used to store and manage
data. A range of features and tools offered
by it to help ensure the integrity,
performance, and security of the data,
which can be important for the reliable and
effective operation of the system.

An IDE for developing .NET applications,
which includes tools for editing, debugging,
and testing code, as well as for managing
source code and other project resources

A markup language for creating and
formatting web pages

A style sheet language for describing the
look

A high-level, interpreted programming
language that is commonly used for
creating interactive web pages and
applications.

A library for optimization in Python that
provides tools for solving various types of
optimization problems, including multi-
objective optimization, constrained
optimization, and global optimization

The Ul for the proposed system is designed to be intuitive and user friendly, with a

clean and modern look and feel. The main screen consists of a navigation menu on the

left, which allows users to access the different features and functions of the system and

a main content area on the right. (Figure 3.17)
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Figure 3.17: Dashboard page

The navigation menu includes options such as "Assessments”, "Generate
Assessments”, "Your Questions”, and "All Questions™ which allow users to manage
their own questions, create new questions, search for questions created by other users
publically and manage assessments, respectively. The main content area in the
dashboard displays the selected feature or function, such as a list of the user's latest

generated assessments and statistical charts.

The Ul also includes a top bar with user profile, notifications, and settings options, as
well as a language selection select box that allows users to select the language they

prefer to use.

The "Your Questions" page allows users to view and manage their own questions in
the system. The page includes a search box that allows users to list their added
questions. It is also possible to download, edit, delete and view the details of the

question. (Figure 3.18)
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Figure 3.18: Your questions page

The "Add New Question™ page which is accessible from Your Questions page allows
users to create new questions in the system. The page includes a form with fields to

enter the question text, subject area, topic, and any additional details or instructions.

(Figure 3.19)
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Figure 3.19: Add new question page

The "All Questions™ page allows users to view and search all of the public questions
in the system. You can download the listed questions or view their details. (Figure

3.20)
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Figure 3.20: All questions page

The "Assessments" page contains all the assessments that have already been generated
and saved by the user. The user can search and list the questions. It is also possible to

preview, download and remove the assessments. (Figure 3.21)
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Figure 3.21: Assessments page

The "Generate Assessment"” page is an important feature of the system, as it allows
users to generate custom assessments using the questions in the system. The page
includes two forms with several fields and controls that the user can use to specify the
criteria for the assessment. The first form is embedded for use by all users, where all
criteria can be specified. In the second form, which is specifically for students, fewer
criteria can be selected, instead, the system adjusts the rest of the criteria using updated
data from external systems such as the learning management systems. This data can
include students' academic performance. One of the key fields in the forms is the
subject area field, which allows the user to select the subject area or subject areas that
they want the assessment to cover. It is also possible to choose a specific topic from
the subset of the subjects. Another important field in both forms is the number of
questions field, which allows the user to specify how many questions they want the
assessment to include. The user can enter a specific number of questions. It is also
possible to choose the level of difficulty of the questions and the total duration
determined for the assessment in the first form, and it helps the accuracy of the selected

questions for the target assessment. In addition to these fields, this page includes a
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number of controls and options that the user can use to further refine the assessment.
For example, the user can specify constraints or preferences for the type of questions,
or they can select the accessibility of questions to include in the assessment. Once the
user has specified the criteria for the assessment, they can generate it to see the set of
selected questions. If the user chooses to save the assessment, it will be stored in their
"Assessments” list but will not be visible to other users. If the user chooses to export,

it will download the selected questions in many formats. (Figure 3.22)

Other available pages include a login page, user profile, and notifications pages, which

are designed in a user-friendly manner.
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Figure 3.22: Generate assessment page
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Chapter 4

EXPERIMENTAL RESULTS

4.1 Testing and Evaluation

Testing is a crucial component of web and software development, with the goal of
identifying defects in the application, verifying that it meets requirements, and
potentially uncovering new requirements. When done correctly, testing can
significantly enhance the application through the identification and resolution of
issues. The application was evaluated 50 times per different criteria. The primary aim
of the testing was to identify problems with the application and discover any new
functional requirements or potential modifications to existing functional requirements.
The main issues identified are listed below:

Accuracy of question difficulty levels: One issue that could arise in the system is the
accuracy of the difficulty level assigned to each question. If the difficulty level is not
properly calibrated, the system may present learners with questions that are either too
easy or too difficult, which can negatively impact the effectiveness of the learning

process.

Accurate question duration: Ensuring that the duration assigned to each question is
accurate is important for the effectiveness of the question bank system. If the duration
is not properly calibrated, learners may be presented with questions that take too long

or too little time to complete. It is important to regularly review and update the duration
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of questions in the question bank to ensure that they are accurately reflected in the

system.

Lack of dynamic questions: By enabling users to create and use dynamic questions
in assessments, the system can expand its focus to include a wider range of topics and

skills, improving the overall coverage of the question bank.

Coverage of the question bank: It is important to ensure that the question bank
contains a diverse range of questions that cover a wide range of topics and skills. If the
question bank is too narrow in its focus, it may not provide an effective learning

experience for all learners.

The developed system is currently hosted on GitHub and will be made available to the
public upon the publication of the thesis. Even though the application is already
deployed and functioning, there is still a significant amount of work to be completed.
This includes addressing issues discovered during user testing, identifying solutions to
the application's drawbacks, and proposing new functionality.

4.2  Experiment Environment

To evaluate the performance of our system, we conducted experiments in a controlled
environment using a variety of test cases. The experimental setup consisted of details
proposed in Tables 3.2 and 3.3. The experimental environment was designed to
provide a realistic and controlled setting for evaluating the performance of the system.
It allowed us to accurately measure the system's performance and identify any areas

for improvement.
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The data collected for the experiment is in accordance with the conditions mentioned
in chapter 3, and the number of questions in the question bank is 14,000 questions.
The distribution of questions in the question bank is shown in Figures 4.1, 4.2, and 4.3

according to the three variables of the topic, duration, and difficulty level.

Topic ID Number
D

0 2000 4000 6000 8000 10000 12000 14000

Question ID Number

Figure 4.1: Distribution of topics for questions in the question bank

0 2000 4000 6000 8000 10000 12000 14000
Question ID Number

Figure 4.2: Distribution of difficulty level for questions in the question bank
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Figure 4.3: Distribution of duration for questions in the question bank

4.3 Results

The experiment was executed 50 times for each difficulty level and different durations,
with the goal of selecting 8 questions from different topics in the target question bank.
The results showed that all of the tests were completed successfully and there were no
errors during the generation of question sets. This suggests that our system was able
to effectively select a diverse range of questions from the available topics and generate
question sets that met the specified criteria. However, it is important to note that the
success of the question-generation process does not necessarily indicate that the
system is meeting all of its desired goals. In order to more fully assess the effectiveness
of the system, additional measures may need to be taken to evaluate how well the
selected questions are aligned with users' individual learning needs and how well the
system is able to adapt to changes in these needs over time. This could involve
collecting and analyzing data on users' responses to the questions presented by the
system, as well as conducting user surveys or focus groups to gather more detailed

feedback on the system's performance. By using a combination of quantitative and
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qualitative data, it will be possible to more fully understand the strengths and

weaknesses of the question bank system and identify any areas for improvement.
4.4  Drawbacks and Planned Improvements

In this section, we will outline the main drawbacks of the proposed system and

describe the steps that we are taking to address these issues and improve the system.

One potential drawback of the system is that it requires a significant amount of upfront
work to set up and populate the question bank with a diverse range of content. This
can be time-consuming and resource-intensive, particularly if the system is being

implemented on a large scale.

To address the issue of upfront setup time and resource intensity, we plan to develop
automated tools and processes to streamline the process of populating the question
bank with a wide range of content. This will involve leveraging existing content
sources and adopting best practices for curating and organizing the questions in the

bank.

Another potential drawback is that the system may not always be able to accurately
predict and select the most appropriate questions for each individual user. This could
result in a less effective learning experience for some users, particularly if they are

consistently presented with questions that are too easy or too difficult.

To improve the accuracy of question selection, we plan to implement machine learning
algorithms that can more accurately predict the most appropriate questions for each

individual user based on their past performance and learning needs. This will involve
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collecting and analyzing data on users' responses to questions in order to continuously

update and refine the prediction models.
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Chapter 5

DISCUSSIONS, CONCLUSION, AND FUTURE WORK

5.1 Discussion

One of the main objectives of this study was to analyze the weaknesses of online
learning and assessments in order to identify areas for improvement. Online learning
and assessments have become increasingly popular in recent years, but there are also
several challenges and limitations that must be addressed in order to ensure their

effectiveness.

In this study, we conducted research on students' level of satisfaction from online
learning and their academic achievements during online learning in order to
understand the strengths and weaknesses of this mode of instruction. The results of
this study showed acceptable levels of satisfaction regarding online learning among
Eastern Mediterranean University students. The participants reported that they
preferred online learning over traditional face-to-face learning, and cited flexibility in
time and place and ease of access to resources as the most important factors in this
preference. The majority of students also indicated a desire to continue using online
learning in the future. However, the results also showed a slight drop in students'
academic achievements during the COVID-19 pandemic period. This highlights the
need for improved assessment methods in order to better support student learning and
achievement in an online setting. In order to address these weaknesses, it will be

important to develop new approaches and technologies that can more effectively
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support online learning and assessment. This might include developing more

interactive and personalized learning platforms.

Another objective of this study was to investigate the ability to collect questions into
a question bank. A question bank is a collection of pre-prepared questions that can be
used for testing or assessment purposes. By collecting questions into a question bank,
it is possible to more efficiently and effectively administer assessments and ensure that
a diverse range of content is covered. However, collecting questions into a question
bank can be a time-consuming and resource-intensive process, particularly if the
question bank is intended to cover a wide range of topics or skills. It is also important
to ensure that the questions in the bank are well-written, accurate, and relevant to the

intended audience.

The final objective of this study was to examine the ability to extract questions at an
appropriate difficulty level and total duration using multi-objective optimization
methods. To address this objective, we proposed a multi-objective optimization
algorithm named ER-NSGA-II that is specifically designed to optimize the results for
the generation of question sets. The ER-NSGA-II algorithm optimizes both the
execution time and the objective function value, ensuring that the generated question
sets are both efficient and effective in meeting the specified criteria. Our results
showed that the ER-NSGA-II algorithm had significantly better results than other
similar algorithms in terms of both execution time and objective function value. This
suggests that the ER-NSGA-I1 algorithm is a highly effective and efficient approach
for optimizing the selection of questions at the appropriate difficulty level and total
duration. Our results showed that the proposed system was tested successfully and is

usable. In addition, the system was successful in generating a set of questions
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considering the specified criteria, indicating that it is able to effectively extract and

present a range of questions at the appropriate difficulty level and total duration.
5.2  Conclusion and Future Work

In conclusion, this study has analyzed the strengths and weaknesses of online learning
and assessments in order to identify areas for improvement. The results of the study
showed that Eastern Mediterranean University students generally had acceptable
levels of satisfaction with online learning, and preferred it to traditional face-to-face
learning due to its flexibility and ease of access to resources. However, the results also
showed a slight drop in students' academic achievements during the COVID-19
pandemic period, highlighting the need for improved assessment methods in the online
setting. To address these weaknesses, the development of new approaches and
technologies, such as more interactive and personalized learning platforms, may be
necessary. One of the main objectives of the study was to investigate the use of a
question bank as a tool for generating assessments. The results of the study showed
that collecting questions into a question bank can be resource-intensive, but is
important in ensuring a diverse range of content is covered. The study also examined
the use of a multi-objective optimization algorithm, named ER-NSGA-I1, as a method
for selecting questions at the appropriate difficulty level and total duration for an
assessment. The results showed that the ER-NSGA-II algorithm was significantly

more effective and efficient than other similar algorithms in optimizing these criteria.

There are many opportunities for further improvement and development of question
bank systems. One potential area for future work is the integration of the question bank
system with popular learning management systems. By integrating with platforms such

as Moodle or Blackboard, students and educators can access the question bank and
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assessments within the same environment as their course materials and grades. This

would provide a more seamless and convenient experience for users.

Another area of potential improvement is personalization and adaptive learning.
Machine learning algorithms could be used to identify patterns in how students answer
questions and adjust the difficulty of future questions accordingly. This would allow
the system to tailor the questions and assessments to each individual student's
strengths, weaknesses, and learning goals, leading to a more effective and efficient

learning experience.

Collaborative learning and peer review could also be incorporated into the question
bank system. Students could share questions and review each other's answers,
providing a valuable opportunity for them to learn from and give feedback to their
peers. A peer review system could be implemented, allowing students to provide

feedback on their peers' work and receive feedback in return.
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Appendix A: Survey Details

5/28/22, 12:01 PM EMU Survey - Students' perception of online learning during the COVID-19 pandemic

Students’ perception of online learning during the COVID-19
pandemic

A survey study of Eastern Mediterranean University students

Dear Student, In March of 2020, the Eastern Mediterranean University declared a state of epidemic emergency, which resulted in the suspension
of face-to-face learning in the university. This survey is part of PhD thesis research about students’ perception of online learning during the COVID-
19 pandemic in the eastern mediterranean university. We developed this survey to check your opinion of e-learning during the pandemic. We hope
that results from this study will help improve quality of online education in the future and will facilitate implementation of e-learning in the
curriculum. Participation in this survey is voluntary and anonymous.

There are 30 questions in this survey.

Basic demographics

In the first part of the survey we would like you to describe your basic demographics, IT skills and experience in e-learning.

What is your age group?
© Choose one of the following answers

Please choose only one of the following:

O 18 years and below
O 19-29
(O 30-39
() 4049
(O 5059

O 60 years and above

5/28/22, 12:01 PM EMU Survey - Students' perception of online learning during the COVID-19 pandemic

What faculty or school do you study at?

@ Choose one of the following answers
Please choose only one of the following:

O Architecture
O Art & Science
O Business & Economics

O Communication and Media Studies

O Dentistry

O Education

O Engineering
O Health Sciences
O Law

O Medicine

O Pharmacy

O Tourism

O Computing and Technology
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5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

What level of education are you studying?

@ Choose one of the following answers
Please choose only one of the following:

O Undergraduate

O Master
Orhp

How would you describe your IT skills?

@ Choose one of the following answers
Please choose only one of the following:

O High
O Moderate

O Low

5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

Have you ever participated in any type of e-learning before the covid-19 pandemic?

@ Choose one of the following answers
Please choose only one of the following:

O Yes
O No

Student's online learning satisfaction

It was accessible from all devices (PC, Mobile, Tablet...)
@ Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree
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5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

It was flexible on time and space
@ Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

The Materials was presented well
© Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

Learning contents was updated
@ Choose one of the following answers
Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

It was possible to co-working with other students
© Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree
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5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

Learning resources was accessible
@ Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

There was good interaction between student and instructors
© Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

Assessments submit procedure was simple and reliable (Exams, Quizzes, Homeworks,...)
@ Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

Assessments was effective (Exams, Quizzes, Homeworks,...)
© Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree
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5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

The system prepared useful and accurate educational reports

@ Choose one of the following answers
Please choose only one of the following:

O Strongly Disagree
O Disagree

O Neutral

O Agree

O Strongly Agree

Student’s preferences on online and face to face learning

Online learning are more flexible on time.
@ Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

Online learning are more flexible on space.
@ Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

Online learning resources are more accessible.
© Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree
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5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

Online learning has better structured classes.
@ Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

Teacher-Student interaction is better in online learning.
© Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

Delivery of contents are better in online learning.
@ Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

Online learning tools provide better perception.
© Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree
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5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

Assessments are better in online learning. (Exams, Quizzes, Homeworks,...)
@ Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

Online learning tools provides reports more detailed and comprehensive.
© Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

Online learning increase motivation and passion to learn.

@ Choose one of the following answers
Please choose only one of the following:

O Strongly Disagree
O Disagree

O Neutral

O Agree

O Strongly Agree
Continuance intention of students to use online learning

| intend to continue of using online learning as learning contents delivery method.
@ Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree
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5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

| intend to continue of using online learning for assessment. (Exams, Quizzes,
Homeworks,...)

© Choose one of the following answers
Please choose only one of the following:
O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

| intend to continue of using online learning as interactive communication tool between
students and instructors.

@ Choose one of the following answers
Please choose only one of the following:
O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

5/28/22, 12:01 PM EMU Survey - Students’ perception of online learning during the COVID-19 pandemic

| intend to continue of using online learning as resource sharing space.
@ Choose one of the following answers

Please choose only one of the following:

O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

| intend to continue of using online learning in blended mode to assist my face to face
learning.

@ Choose one of the following answers
Please choose only one of the following:
O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree
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Appendix B: Question Bank System Source Codes

The codes used in the question bank system are available in the QuestionBankSystem
repository on GitHub at https://github.com/blue-owner/QuestionBankSystem. These
codes will be made publicly available upon the publication of this thesis and can be
accessed by anyone with a GitHub account. The codes are provided as-is, and no
support or warranty is implied. Users are responsible for understanding and complying

with the terms of use and license agreement for the code.

142



Appendix C: The Research and Publication Ethics Board Approval

Eastern 32625, Garimagus, KUZEY KBRS
Mediterranean o tesn 10, TORKEY
//AVIEESICH M University oo e

oo T

Bilimsel Arastirma ve Yayin Etigi Kurulu (BAYEK) / Board of Scientific Research and Publication Ethics

Reference No: ETK00-2021-0117 27.12.2021

Subject: Your application for ethical approval.

Re: Saeid Asgharzadeh Bonab

Faculty of Arts and Sciences

EMU'’s Scientific Research and Publication Ethics Board (BAYEK) has approved the decision
of the Ethics Board of Engineering (27.12.2021 date and 2021/ 4) granting Saecid Asgharzadeh
Bonab from the Faculty of Arts and Sciences to pursue his PhD article titled “Students’
perception of online learning in Eastern Mediterranean University during the COVID-19

pandemic.” supervised by Assoc. Prof. Dr. Arif Akkeles.

Best Regards

\Prof. Dr. Yiicel Vural

Chair, Board of Scientific Research and Publication Ethics - EMU
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